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Vegetation and Mammal Communities
Chairperson: Dr. Joshua Millspaugh
ABSTRACT
Increases in habitat loss and fragmentation from anthropogenic disturbance present
substantial threats to global biodiversity; thus, sustainable land management will be
crucial to support current and future generations of humans and wildlife. In the western
United States, approximately 70% of the land is grazed by domestic cows (i.e., “cattle”),
and urban development is increasing rapidly. These land uses may affect vegetation
composition and mammal communities, which could alter ecosystem function through
bottom-up or top-down processes. Therefore, understanding the responses of vegetation
and mammal communities to these practices is important when considering socioecological sustainability.
In this dissertation, I evaluated how cattle grazing and urban development
affected vegetation dynamics and medium to large (>150 g) mammal community
structure at multiple scales. First, I identified and quantified factors associated with
vegetation change over the past 36 years on public lands grazing allotments across the
western contiguous United States. Then, using multispecies occupancy models, Poisson
count models, and daily activity patterns, I determined how cattle grazing on private
ranches in western Montana and housing density surrounding Missoula, Montana
influenced the spatiotemporal dynamics of mammal communities. Finally, I identified
how residential yard management affected mammal relative abundance in Raleigh, North
Carolina. At both continental and local scales, environmental and abiotic factors were
generally more important drivers of vegetation and mammal community dynamics than
cattle grazing. In contrast, housing development strongly influenced mammal community
structure, with generally smaller-bodied, urban-adapted species occurring within higher
housing densities. Further, supplemental feeding in residential yards was the strongest
predictor of mammal abundance, compared with landscape-scale vegetation
characteristics and predation risk.
My research demonstrates that cattle grazing on rangelands in the western United
States has had relatively minor associations with vegetation production and mammal
community dynamics at the stocking rates evaluated, although local-level management
could dictate the strength of effects. In contrast, urban development strongly impacts
mammal communities, but effects may vary across urban areas with different human
population densities, urban structure, and ecological communities. Thus, conserving
“working lands” that sustain human livelihood, while maintaining the natural biodiversity
and function of the ecosystem, may facilitate socio-ecological sustainability.
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DISSERTATION OVERVIEW AND INTRODUCTION
Habitat loss from conversion of wild lands to agriculture, commercial or residential
development, pollution, and climate change is one of the biggest threats to biodiversity
worldwide (Brooks et al. 2002, Schipper et al. 2008, Krauss et al. 2010, World Wildlife
Fund for Nature 2016). It is projected that the global human population will be 9.7 billion
by 2050, an increase of 2.2 billion from 2017 (United Nations, Department of Economic
and Social Affairs, Population Division 2017). Larger populations are expected to result
in a projected 1.2 million km2 increase in global land allocated to arable production from
2000-2050 (Alexandratos and Bruinsma 2012) and an increase of 1.2 million km2 in
urban land cover from 2000-2030 (Seto et al. 2012). With increasing anthropogenic
disturbances worldwide, sustainable land management will be crucial to minimize land
degradation and ensure land is managed to benefit current and future generations of
humans and wildlife (Food and Agriculture Organization of the United Nations 2018).
Rangelands, typically defined as grasslands, shrublands, tundra, or dispersed
forests where livestock grazing is the primary land use (Lund 2007, Briske 2017), are the
most common land type in the western United States and have immense ecological,
economic, and social importance, given the many ecosystem services they provide and
the livelihoods they support (Lund 2007, Natural Resources Conservation Service
2021a). Rangelands experience many threats, including land use conversion to row crop
agriculture (Lark et al. 2020), energy development (e.g., Allred et al. 2015), urban
development (Theobald et al. 1997, Reeves et al. 2018), climate change (Joyce and
Marshall 2017), exotic annual grass invasion (Bradley et al. 2018, Nagy et al. 2021), and
riparian/meadow degradation (Natural Resources Conservation Service 2021a, Natural
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Resources Conservation Service 2021b). The concept of “working lands conservation”
(i.e., systems that sustainably produce fuel, fiber, food, and water, while maintaining the
natural biodiversity and function of the ecosystem), has been encouraged to combat and
mitigate threats to rangelands (Kremen and Merenlender 2018, Natural Resources
Conservation Service 2021a, Natural Resources Conservation Service 2021b). However,
considerable debate remains regarding whether some working lands activities on public
and private lands, including cattle grazing, is a sustainable land use, given the potential
negative impacts overgrazing can have on the environment (Smith 1977, Fleischner 1994,
Kauffman and Pyke 2001). More research identifying the effects of cattle grazing on
vegetation and wildlife on public and private lands is necessary to determine whether
moderate levels of cattle grazing can be a sustainable land use.
Another important land use in the western United States is housing development.
The intermountain west has a relatively low human population and only ~1% of the land
area is considered “urban” (Bigelow and Borchers 2012). However, exurban development
in the west has increased rapidly, growing three times faster than the rest of the United
States (Havstad et al. 2009). Habitat loss and human-wildlife conflicts in lands converted
for housing may contribute to the loss of native biodiversity (McKinney 2006, Mcdonald
et al. 2008, Ceballos et al. 2015) and can alter trophic structure of communities
(El‐Sabaawi 2018). However, this urban “human footprint” is not always associated with
declines in biodiversity (Belote et al. 2020) and certain wildlife assemblages, including
sensitive and threatened species, are sometimes found to be more diverse and abundant in
moderately developed areas than in wild areas (e.g., Ives et al. 2016, Parsons et al. 2018).
Thus, it is important to identify the factors associated with changes in wildlife community
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structure across a gradient of housing densities to elucidate the spatiotemporal effects of
urbanization on wildlife, which will offer insight into biodiversity conservation and
sustainable coexistence between humans and wildlife in an increasingly populated region.
In this dissertation, my broad objective was to understand how major land use
activities, including livestock grazing and housing development, influenced vegetation
composition and wildlife community structure on public and private lands across multiple
scales. To address this objective, in Chapter 1, I quantified the associations between
cattle grazing, precipitation, and temperature on trends in herbaceous biomass on Bureau
of Land Management grazing allotments across the western contiguous United States
since the mid-1980s. In Chapter 2, I focused on cattle grazing on private ranches and
identified the spatiotemporal responses of mammal communities to varying levels of
cattle use in western Montana. In Chapter 3, I identified the spatiotemporal responses of
mammal communities to environmental and anthropogenic factors across a gradient of
housing densities surrounding Missoula, MT. Finally, in Chapter 4, I determined
whether mammal community responses to housing development were associated with
landscape characteristics, interspecific interactions, or the abundant resources provided in
residential yards. Collectively, the results from this dissertation provide a more robust
picture of how land use influences ecological communities and how that relates to
sustainable coexistence between humans and wildlife.
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1.

CHAPTER 1: LONG-TERM VEGETATION RESPONSE TO LIVESTOCK
GRAZING ON PUBLIC LANDS IN THE WESTERN CONTIGUOUS UNITED
STATES

INTRODUCTION
Livestock grazing has been one of the most common land uses in the western United
States since early settlement by Europeans. In the late 1800s, the push to settle western
lands during the homesteading movement and the widespread practice of open range
livestock grazing resulted in lands that were often “overgrazed” such that vegetation was
not able to recover from excessive herbivory. Land degradation caused, in part, by
unregulated grazing practices on federal lands led to the establishment of grazing permits
on public lands in 1905 and the Taylor Grazing Act in 1934, which established grazing
districts and allotments and allowed for more regulation of grazing on public lands. In
1946, the Bureau of Land Management (BLM) was created to manage grazing districts
and address changing concerns related to environmental issues and rangeland
management. Currently, the BLM manages livestock grazing on 62.7 million hectares of
land and administers 18,000 permits and leases on >21,000 grazing allotments (U.S.
Department of the Interior Bureau of Land Management 2018).
The BLM is mandated to manage land using “multiple use” and “sustained yield”
concepts, based on the Federal Land Policy and Management Act of 1976 (U.S.
Department of the Interior, Bureau of Land Management 2016). Therefore, in addition to
grazing, the BLM also manages renewable energy development; oil, gas, and coal
extraction; mining; timber harvesting; and outdoor recreation on BLM-administered
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lands. This diversity of stakeholders results in disputes over land management and what
is considered “sustained yield”, particularly as it relates to grazing management, leading
some to advocate for more grazing of public lands (e.g., Holechek 1981) and others to
call for less grazing (e.g., Fleischner 1994, Donahue 1999). Much of the concern related
to grazing stem from historic perceptions that livestock grazing negatively affects
ecosystem function and structure through reductions in biomass, biodiversity, and
heterogeneity of plant communities (Smith 1977, Fleischner 1994, Kauffman and Pyke
2001). However, the effects of grazing on vegetation communities and wildlife are
complex, with factors such as grazing intensity (i.e., stocking rate) and variation in
abiotic conditions such as precipitation affecting whether grazing has negative, positive,
or neutral influences (Briske et al. 2011, e.g., Schieltz and Rubenstein 2016).
Identifying the linkages between livestock grazing on public lands and trends in
vegetation composition and cover is critical for sustainable rangeland management. BLM
is required to conduct rangeland condition monitoring on grazing allotments at least
every 10 years and demonstrate that stocking rates meet management objectives. Permits
are only issued or renewed if rangeland health meets established Land Health Standards
(U.S. Department of the Interior Bureau of Land Management 2018). However,
maintaining consistent monitoring programs is challenging due to time and labor costs
(West 2003). Veblen et al. (2014) identified ways that the BLM could more feasibly
assess rangeland condition and prioritize monitoring, which included using remotely
sensed data. Remote sensing has facilitated data collection and monitoring at broad
spatiotemporal scales for the past few decades (e.g., Xie et al. 2008, Ali et al. 2016).
However, one drawback is the coarse spatiotemporal scale of many remotely sensed
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products (Veblen et al. 2014). Continuous remotely sensed data at small spatial scales
may be necessary to identify long-term trends in rangeland condition.
A recently developed tool, the Rangeland Analysis Platform (RAP), could provide
a new and better way to monitor rangeland condition (Jones et al. 2018, Allred et al.
2021). The RAP combines Landsat imagery data with on-the-ground landcover
measurements to estimate the annual percent cover of perennial forb/grass, annual
forb/grass, shrubs, trees, and bare ground; as well as 16-day estimates of above-ground
biomass (kg/ha) of perennial and annual forb/grass across the 17 western states every
year since 1984 at 30 m x 30 m pixel resolution (Jones et al. 2018, Allred et al. 2021,
Jones et al. 2021). The RAP also uses the University of Idaho Gridded Surface
Meteorological Dataset (Abatzoglou 2013) to identify annual precipitation and
temperature within each pixel, each year. Using these data, vegetation change may be
identified at small spatial scales for the past 36 years, which could also facilitate an
analysis of grazing associations with rangeland condition.
To link rangeland condition with grazing practices, detailed and accurate records
of grazing practices on allotments throughout time are also necessary. This information is
available for the past ~30-36 years through the BLM Rangeland Administrative System
(RAS), which serves as an electronic calendar for grazing applications and grazing bills,
as well as a database that contains allotment information such as livestock type, billed
animal unit months (AUMs), and dates each allotment was grazed (U.S. Department of
the Interior Bureau of Land Management 2012). Thus, the RAP and RAS datasets
provide an opportunity to conduct a range wide assessment of the associations between
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grazing and long-term trends in vegetation on BLM-administered grazing allotments in
the western United States.
Our primary objectives were to 1) determine how vegetation and grazing
management has changed over the past 36 years; 2) examine the associations of cattle
grazing, precipitation, and temperature with annual change in vegetation; and 3) examine
the associations of cattle grazing, precipitation, and temperature with 36-year trends in
vegetation. We hypothesized changes in vegetation would primarily be related to
precipitation and temperature (e.g., Zhou et al. 2001, Tang et al. 2017), and that
associations between grazing and vegetation change would be dependent on precipitation
within the allotment. We predicted allotments that had reductions in precipitation and
increases in temperature would experience declines in vegetation production (e.g., Sun et
al. 2013, Sun and Du 2017, Tang et al. 2017) and that vegetation production declines
would be greater in warmer, drier regions with higher grazing intensities (e.g., Proulx and
Mazumder 1998, Bakker et al. 2006, Fujita et al. 2009). This study will identify linkages
between grazing and long-term vegetation trends on BLM-administered lands in the
western contiguous United States, which could help inform resource agencies on whether
management objectives are met and facilitate future management decisions.
STUDY AREA
Our study area consisted of BLM grazing allotments across the western contiguous
United States, including Arizona, California, Colorado, Idaho, Montana, Nebraska,
Nevada, New Mexico, North Dakota, Oregon, South Dakota, Utah, and Washington
(Figure 1.1). Level II ecoregions included Warm Deserts, Cold Deserts, Upper Gila
Mountains, Western Sierra Madre Piedmont, Mediterranean California, Western

12

Cordillera, Marine West Coast Forest, South-Central Semiarid Prairies, West-Central
Semiarid Prairies, and Temperate Prairies. Mean annual precipitation across the study
area was 365.3 mm and ranged from 12.7 mm to 2814.7 mm. Mean annual temperature
was 8.4℃ and ranged from -2.1℃ to 24.6℃.
METHODS
Data Management
We acquired annual grazing data for BLM grazing allotments in Arizona, California,
Colorado, Idaho, Montana, Nebraska, Nevada, New Mexico, North Dakota, Oregon,
South Dakota, Utah, and Washington for the past 30-36 years from the BLM RAS. Data
in RAS reports included unique allotment number, billed AUMs, billing dates, and
percent public forage (i.e., percent of forage within an allotment on BLM-administered
lands). BLM only bills for AUMs on BLM-administered lands, so billed AUMs in the
RAS dataset may not represent the total AUMs on an allotment if part of the allotment is
non-BLM lands (e.g., private or state lands). Thus, when public forage was < 100%, we
divided the billed AUMs by the proportion public forage to estimate the total AUMs
across the allotment (e.g., 100 billed AUMs with 50% public forage would equal 200
total AUMs across the allotment). We joined the RAS database and BLM grazing
allotment polygon layer (U.S. Department of the Interior Bureau of Land Management
2021) with allotment number as a unique identifier using ArcMap 10.8 (Environmental
Systems Research Institute, Inc., Redlands, CA) and calculated annual grazing intensity
by dividing the total AUMs in the allotment within a grazing year (March 1 – February
28) by the size (ha) of the grazing allotment.
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We used the RAP to identify vegetation characteristics, precipitation, and
temperature each year within each grazing allotment from 1984 – 2020. We averaged
percent vegetation cover, precipitation, temperature, and annual biomass across pixels
within each allotment, each year to arrive at allotment-level values. We acknowledge that
changes in vegetation production or cover could also be related to many other factors,
including wildfire, land treatments (e.g., seeding, herbicide, prescribed burns), or other
landscape/climate characteristics. However, we decided not to include these variables in
our analysis, given inconsistencies in these events occurring at range wide scales, and
because our main objective was to identify associations between grazing and vegetation
change.
Grazing allotment numbers and names occasionally changed over time for various
reasons, including subdivision of allotments. Further, some allotments consisted of
multiple polygons and it was unclear how cattle were distributed among allotment
polygons. To ensure RAS data correctly matched allotment polygons, we used only data
from allotments whose names or numbers were consistent over time and allotments with
only one associated polygon. We also only included allotments with >50% public forage
so billed AUMs were generally representative of the total AUMs across both public and
private portions of allotments. Finally, we removed allotments with grazing intensities
>2.47 AUMs/ha (67 allotments) because these were likely the result of some inaccuracy
in the geospatial or RAS datasets, given BLM generally did not permit grazing intensities
this high (W. Lutjens, Bureau of Land Management, personal communication). We
investigated whether filtered data were biased by comparing the distributions of

14

continuous variables in the filtered data vs. the complete dataset, assuming a high overlap
of variable distributions suggested a reasonably unbiased sample.
Analytical Methods
We divided analyses into three sections associated with our three objectives, including 1)
“36-year trends in vegetation and grazing management”, 2) “Factors associated with
annual change in vegetation”, and 3) “Factors associated with 36-year trends in
vegetation”. These sections are described below and illustrated as a conceptual diagram
in Figure 1.2.
For each analysis, we first determined whether predictor variables were correlated
using Pearson’s correlation coefficient (r; Pearson 1895) and removed variables from
models if |r| ≥ 0.7 (Dormann et al. 2013). We also identified whether there were nonlinear associations, including quadratic and pseudothreshold, between each continuous
variable and the response (e.g., Franklin et al. 2000) by fitting single-variable models
with each variable form and determining which variable form was most supported using
Akaike’s Information Criterion (AIC; Akaike 1973, Burnham and Anderson 2002). For
each response, we fit one global model that included the most supported variable forms
of each predictor variable.
After fitting global models, we used the “ggeffects” package (Lüdecke 2018) to
determine how well predictor variables explained variation in the response, based on
predictive plots that incorporated uncertainty from both fixed and random effects. We
assumed a significance level of α ≤ 0.05; thus, if the 95% confidence interval around a
parameter estimate did not include 0, we considered it a statistically significant
association. Finally, we evaluated model fit by calculating marginal and conditional R2
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(Nakagawa and Schielzeth 2013, Nakagawa et al. 2017), assuming R2 values close to 1
represented a model that explained a large proportion of the variation in the response.
Objective 1: 36-year trends in vegetation and grazing management.—We
determined how vegetation and grazing intensity (AUMs/ha) on BLM grazing allotments
changed from 1984 – 2020 by fitting 4 separate linear mixed effects models using the
“nlme” package (Pinheiro et al. 2021) in R (R Core Development Team 2021). We
included perennial forb/grass biomass, annual forb/grass biomass, bare ground percent
cover, and grazing intensity as response variables; year as a continuous fixed effect; and
allotment number as a random effect, with both random intercepts and slopes. Using
these results, we identified the “population”-level trend in each response, as well as the
variation in vegetation and AUM change across allotments.
Objective 2: Factors associated with annual change in vegetation.—We
evaluated which factors had the strongest association with annual changes in vegetation
within an allotment by fitting 3 separate linear mixed effects models. We included annual
change (i.e., difference between the current and previous year) in perennial forb/grass
biomass, annual forb/grass biomass, and bare ground cover as response variables; grazing
intensity, total annual precipitation, and mean annual temperature variables as fixed
effect predictor variables; and allotment number as a random effect, with both random
intercepts and slopes for the grazing intensity variable. We centered and scaled all
continuous variables so variable effects sizes would be directly comparable. Our global
models were written as:

Vegetation change = aum.change * annualPrecip + precip.change +
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(Eq. 1)

temp.change + aum.change|Allotment

where “Vegetation change” was the change in either perennial forb/grass biomass, annual
forb/grass biomass, or bare ground cover; “aum.change” was the change in grazing
intensity; “aum.change * annualPrecip” was the interaction between grazing intensity
change and annual precipitation; “precip.change” was the change in precipitation;
“temp.change” was the change in temperature; and “aum.change|Alltoment” was the
random effect at the allotment level with random intercepts and slopes for the grazing
intensity variable.
Objective 3: Factors associated with 36-year trends in vegetation.—We evaluated
which factors had the strongest associations with trends in vegetation from 1984 – 2020
by fitting 3 separate linear mixed effects models. We defined “trend” as the slope of the
best fit line through variable values from 1984 – 2020. Thus, to calculate variable trends,
we first fit separate linear models for each allotment, with vegetation and weather
attributes (e.g., perennial forb/grass biomass, annual forb/grass biomass, bare ground
cover, precipitation, temperature) as the response and year as a continuous predictor. We
used the allotment-specific beta estimates for the year variable as trend values and
calculated mean annual precipitation and grazing intensity by averaging values across
years for each allotment.
We included allotment-level trends in perennial forb/grass biomass, annual
forb/grass biomass, and bare ground cover as response variables; precipitation trend,
temperature trend, and mean grazing intensity*mean annual precipitation interaction as
fixed effects; and ecoregion as a random effect in trend models, with both random
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intercepts and slopes for the mean grazing intensity variable. We centered and scaled all
continuous predictor variables so beta estimates would be directly comparable. Our
global models were written as:

Vegetation trend = aum.mean * precip.mean + precip.trend

(Eq. 2)

+ temp.trend + aum.mean|ecoregion

where “Vegetation trend” was the allotment-level 36-year trend in either perennial
forb/grass biomass, annual forb/grass biomass, or bare ground cover; “aum.mean” was
the 36-year mean grazing intensity within an allotment, “aum.mean * precip.mean” was
the interaction between mean grazing intensity and mean annual precipitation;
“precip.trend” was the trend in precipitation; “temp.trend” was the trend in temperature;
and “aum.mean|ecoregion” was the random effect at the ecoregion level with random
intercepts and slopes for the mean grazing intensity variable.
RESULTS
We fit models using 457,014 observations (i.e., allotment-years of data) from 13,073
unique grazing allotments, which was approximately 62% of all allotments with cattle
and >50% public forage (Figure 1.1). Distribution of data within the filtered dataset did
not strongly differ from the full dataset, with percent overlap of variable distributions
between full and filtered datasets > 90% for all variables (Figure 1.3). Thus, we assumed
the filtered dataset was adequately representative of all BLM allotments.
Objective 1: 36-year trends in vegetation and grazing management.—Perennial
forb/grass biomass increased, on average, in grazing allotments from 1984 – 2020 (β =

18

1.94, SE = 0.050), but the effect varied across allotments (𝜎 = 5.42; Figure 1.4, Figure
1.5). Trends in annual forb/grass biomass were more consistent, with most allotments
having increases in annual forb/grass biomass (β = 2.84, SE = 0.033; Figure 1.4, Figure
1.5). Bare ground cover decreased slightly over time (β = -0.12, SE = 0.0014), and rate of
change varied across allotments (𝜎 = 0.15; Figure 1.4), while grazing intensity was
generally constant across time (β = -0.00070, SE = 0.000066) with little variation across
allotments (𝜎 = 0.0068; Figure 1.4).
Objective 2: Factors associated with annual change in vegetation.—Global
models performed poorly at predicting annual changes in perennial forb/grass biomass
(R2 = 0.13), annual forb/grass biomass (R2 = 0.064), and bare ground cover (R2 = 0.037).
Annual change in precipitation (β_linear = 45.30, SE = 0.26; β_quadratic = 0.89, SE =
0.26) and temperature (β_linear = 22.94, SE = 0.23; β_quadratic = 0.10, SE = 0.14) had
the strongest positive, quadratic associations with annual change in perennial forb/grass
biomass (Figure 1.6, Table 1.1). Change in grazing intensity did not have a strong
association with change in perennial forb/grass biomass (β = 0.27, SE = 0.28) and the
response did not vary, regardless of annual precipitation in the allotment (Figure 1.6;
although the effect of grazing intensity varied across allotments (𝜎 = 7.19).
Annual changes in precipitation (β_linear = 23.46, SE = 0.20; β_quadratic = 1.79,
SE = 0.07) and temperature (β_linear = 8.39, SE = 0.17; β_quadratic = -2.71, SE = 0.11)
also had positive, quadratic associations with changes in annual forb/grass biomass;
however, the effect was not as strong as with perennial forb/grass biomass (Figure 1.7,
Table 1.2). Grazing intensity had smaller associations with annual forb/grass biomass that
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were related to mean annual precipitation. Annual forb/grass biomass increased slightly
when grazing intensity increased in allotments with low precipitation (Figure 1.7).
Annual changes in grazing intensity (β = -0.20, SE = 0.0095), precipitation (β = 0.24, SE = 0.0071), and temperature (β = -0.13, SE = 0.0064) all had generally negative
associations with changes in bare ground cover; although, precipitation had the strongest
association (Figure 1.8, Table 1.2).
Objective 3: Factors associated with 36-year trends in vegetation.—Trend
models explained more variation in perennial forb/grass biomass (R2 = 0.43), annual
forb/grass biomass (R2 = 0.52), and bare ground cover (R2 = 0.49) than annual change
models. The trend in precipitation from 1984 – 2020 had a strong positive association
with trends in perennial forb/grass biomass (β = 1.86, SE = 0.051), while the trend in
temperature had a strong negative association (β_linear = -1.14, SE = 0.064; β_quadratic
= 0.0017, SE = 0.023; Figure 1.6, Table 1.2). Mean grazing intensity did not have a
strong association with trends in perennial forb/grass biomass (β = 0.28, SE = 0.35), and
the response did not vary, regardless of the mean annual precipitation in the allotment
(Figure 1.6).
There were quadratic associations between trends in annual forb/grass biomass
and trends in precipitation (β_linear = 0.59, SE = 0.036; β_quadratic = -0.20, SE = 0.020)
and temperature (β_linear = -0.13, SE = 0.050; β_quadratic = -0.39, SE = 0.020; Figure
1.7, Table 1.2). Mean grazing intensity did not have strong associations with trends in
annual forb/grass biomass (β = 0.11, SE = 0.31); although there were slightly larger
annual biomass trends in allotments with less precipitation (Figure 1.7).
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Trend in temperature had a strong positive association with trends in bare ground
cover (β = 0.065, SE = 0.0019), while the trend in precipitation had a strong negative
association (β_linear = -0.056, SE = 0.0014; β_quadratic = 0.0061, SE = 0.00076; Figure
1.8). Mean grazing intensity in allotments did not have strong effects on trends in bare
ground cover (β = 0.0049, SE = 0.012), regardless of annual precipitation (Figure 1.8,
Table 1.2).
DISCUSSION
In this study, we conducted the first range wide assessment of the associations between
cattle grazing and long-term trends in vegetation on BLM-administered grazing
allotments in the western contiguous United States. Overall, our results suggest that
precipitation and temperature generally had stronger associations with vegetation change
than grazing intensity. These findings offer broad-scale insight into the factors
threatening rangeland productivity (i.e., climate change), and demonstrate the utility of
remotely sensed tools for proactively assessing rangeland conditions, which may
facilitate more informed, expeditious management decisions.
As we hypothesized, precipitation and temperature had the strongest associations
with both annual changes and long-term trends in vegetation on BLM grazing allotments.
Generally, allotments that got warmer and drier from 1984 – 2020 had reductions in
perennial forb/grass biomass and increases in bare ground. These results are not
surprising, given primary production is largely related to precipitation and precipitationuse efficiency (Rosenzweig 1968, Webb et al. 1978, Vermeire et al. 2009) and others
have found precipitation and temperature to influence vegetation growth (e.g., Sun et al.
2013, Sun and Du 2017, Tang et al. 2017). Interestingly, we found opposing effects of
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temperature on annual change in perennial biomass compared to 36-year trends in
perennial biomass. Increasing temperatures have been linked to lengthened growing
seasons (Christiansen et al. 2011, Yu et al. 2017), which has largely resulted in increases
in primary productivity and tree growth (McKenzie et al. 2001). However, these findings
are not always consistent across ecoregions. Temperature increases in locations with high
amounts of precipitation and low temperatures (e.g., high-elevation sites) may result in
vegetation increases (e.g., Sun and Du 2017), but temperature increases in arid locations
may result in vegetation decreases, given the effect temperature can have on
evapotranspiration rates (Vermeire et al. 2009). Further, increases in production with
increasing temperature may be short-term and may change when other factors (e.g.,
precipitation) become limiting (McKenzie et al. 2001), which could have occurred in
some of the arid sites across our study area.
Our findings highlight the potential effects of climate change on rangelands in the
western United States. It has been predicted that precipitation will continue to increase in
the Northern Great Plains and decrease in the arid Southwest through 2099 and beyond,
while temperatures are expected to increase across the western United States (Karl et al.
2009, McCollum et al. 2011, Polley et al. 2017). If these predictions are correct, and
trends we observed continue, it is likely that some regions, including the Northern Great
Plains, could expect continued increases in perennial biomass, while other regions,
including the arid southwest, are likely to lose perennial biomass over the next few
decades. Thus, region-specific adaptive management and monitoring will be crucial to
prepare for a changing climate and facilitate sustainable use of rangelands (e.g.,
McCollum et al. 2011, Kachergis et al. 2014, Jones et al. 2020).
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We found relatively weak population-level linkages between grazing intensity and
both short- and long-term changes in perennial vegetation on BLM allotments, which has
important implications for the sustainability of grazing on public lands. The effects of
cattle grazing on vegetation is generally dependent on the grazing intensity (Briske et al.
2011). High grazing intensities often result in decreases in plant production (e.g., Manley
et al. 1997, Briske et al. 2011), a reduction of growth and reproduction of perennial
grasses (Rickard et al. 1975), and an increase in bare ground (Manley et al. 1997, Zhao et
al. 2005, Hillhouse et al. 2010). Thus, the absence of strong population-level linkages
between grazing and perennial vegetation dynamics in our study suggests that grazing
management on BLM allotments (e.g., "take half, leave half" criterion; Green and Breeze
2012) may be adequate for sustaining perennial vegetation on rangelands. Interestingly,
we also observed slight increases in annual vegetation and reductions in bare ground
cover with increases in grazing intensity in areas with relatively low precipitation.
Grazing has been linked to increases in annual vegetation (Díaz et al. 2007, Reisner et al.
2013) and drought could heighten these associations (Souther et al. 2019), likely due to
the ability of annuals to invade where perennials are absent or depressed. Thus, annuals
colonizing areas of bare ground in arid areas could explain the association we observed.
However, we caution these interpretations as our study was observational in nature,
making it difficult to affirm a cause-effect relationship between grazing intensity and
vegetation dynamics.
While our results suggest management of cattle grazing on BLM allotments has
not resulted in large-scale vegetation declines in the past 36 years, we observed high
variability in vegetation responses to grazing intensity across allotments and ecoregions,
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which suggests there are likely local-scale factors that may influence the association
between grazing and vegetation dynamics. Further, there was considerable variability in
vegetation trends across allotments. Regions such as the Northern Great Plains have
experienced increases in perennial herbaceous biomass, while portions of the arid
southwest have experienced declines (Figure 1.5). However, these changes in vegetation
have not always resulted in changes in grazing management, in terms of billed AUMs
(e.g., Figure 1.9). Static stocking rates could result in rangelands being over or
understocked, depending on stochastic abiotic and economic factors that vary annually
(Briske et al. 2011). In 2018, BLM began to implement “Outcome-Based Grazing
Authorizations” at a few demonstration sites, which would provide livestock operators
more flexibility to manage grazing operations based on changing rangeland conditions
(Bureau of Land Management 2017). The efficacy of this new strategy is currently
unclear; however, flexible, proactive management, paired with better monitoring of
grazing allotments across spatial and temporal scales, may be necessary to maximize
profitability and sustainability of rangelands (Hart and Ashby 1998).
Monitoring of rangelands could be facilitated using the RAP and RAS datasets,
resulting in more informed, expeditious management decisions. The RAP dataset
provides the opportunity to monitor rangelands at multiple spatial and temporal scales
and allows managers to address risks to rangelands more proactively (Jones et al. 2020).
The RAS dataset facilitates evaluation of grazing management at allotment-level and
greater scales for the past 30-36 years. However, complications associated with grazing
data on BLM-administered lands, similar to those identified by (Veblen et al. 2011),
made a rangewide analysis of grazing associations with vegetation change a challenge.
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For example, many BLM grazing allotments encompass unfenced private lands. The
BLM only bills for grazing on BLM-administered portions of grazing allotments, so the
intensity of grazing on unfenced private portions of allotments was not always clear.
BLM attempts to monitor grazing on unfenced private portions of allotments (so BLM
portions are not overgrazed) and this information can be extracted from the RAS dataset,
but it is largely unknown how well private landowners adhere to stated grazing intensities
(W. Lutjens, personal communication). Further, allotment polygons boundaries were not
always accurate and some allotments had multiple polygons, making it unclear where
grazing occurred on an allotment. Combining the RAS dataset with allotment polygons
could help reduce uncertainty in allotment boundaries and the AUMs associated with
those allotments. These complications could also be avoided if evaluations of grazing and
vegetation were completed at smaller scales. Using vegetation data from the RAP and
grazing data from the RAS, managers could evaluate changes in vegetation within
allotments where allotment management is well-known (e.g., allotment boundaries and
size, number and distribution of cattle, etc.). These small-scale studies could elucidate
local patterns of grazing and other factors (e.g., climate) on vegetation change, which
may facilitate local-level management.
Conclusion
Grasslands and shrublands in the United States face many threats, including land use
conversion to row crop agriculture (Lark et al. 2020), energy development (e.g., Allred et
al. 2015), urban development (Theobald et al. 1997, Reeves et al. 2018), climate change
(Joyce and Marshall 2017), woody expansion (Van Auken 2009), exotic annual grass
invasion (Bradley et al. 2018, Nagy et al. 2021), and riparian/meadow degradation
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(Natural Resources Conservation Service 2021a, Natural Resources Conservation Service
2021b). The concept of “working lands conservation” (i.e., systems that sustainably
produce fuel, fiber, food, and water, while maintaining the natural biodiversity and
function of the ecosystem) has been identified as an important strategy to battle land use
conversion of rangelands (Kremen and Merenlender 2018, Natural Resources
Conservation Service 2021a, Natural Resources Conservation Service 2021b) because
many of the most productive lands are owned by private entities (Robinson et al. 2019),
and socio-ecological sustainability may not be possible if conservation efforts only
consider the “islands” of protected areas. Our results support the concept that cattle
grazing, as a “working lands” activity on BLM grazing allotments, has been a sustainable
land use over the last few decades, given we did not identify strong associations between
grazing and long-term vegetation trends; although, local-scale effects should be
considered, as responses to grazing varied across the landscape. While it is well-known
that overgrazing can have many negative consequences on rangelands (Briske et al. 2011,
Schieltz and Rubenstein 2016), we did not find cattle grazing to be a large threat to
rangeland production at current stocking rates, particularly when compared to other
threats like climate change. Management actions geared towards monitoring and
maintaining productive rangelands in the face of climate change, invasion of exotic
grasses, and the many other threats to rangelands should continue to be a priority.
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TABLES
Table 1.1. Model results from linear mixed effects models identifying variable associations with annual change in perennial forb/grass
biomass, annual forb/grass biomass, and bare ground cover in Bureau of Land Management grazing allotments in the western
contiguous United States from 1984 – 2020. Beta estimates and standard errors (SE) for fixed effects, and standard deviations (SD) of
random effects are included. We centered and scaled all variables; thus, beta estimates are directly comparable within response
groups.
Fixed Effects

Random Effects

Response

Variablea

Estimate SE

Variable

SD

Perennial Forb/Grass Biomass

Intercept

-0.79

0.27

Intercept

0.0091

aum.change

0.27

0.28

aum.change

7.19

annualPrecip

4.09

0.27

Residual

119.22

aum.change*annualPrecip

-0.31

0.22

precip.change

45.30

0.26

precip.change_q

0.89

0.09

temp.change

22.94

0.23

temp.change_q

0.10

0.14
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Annual Forb/Grass Biomass

Bare Ground Cover

Intercept

3.96

0.21

Intercept

0.16

aum.change

1.56

0.25

aum.change

9.54

annualPrecip

-3.06

0.20

Residual

90.15

aum.change*annualPrecip

-1.22

0.20

precip.change

23.46

0.20

precip.change_q

1.79

0.07

temp.change

8.39

0.17

temp.change_q

-2.71

0.11

Intercept

-0.13

0.0061

Intercept

0.0007

aum.change

-0.20

0.0095

aum.change

0.35

annualPrecip

-0.38

0.0070

Residual

3.32

aum.change*annualPrecip

0.048

0.0073

precip.change

-0.24

0.0071

temp.change

-0.13

0.0064

Variable descriptions: “aum.change” is the change in grazing intensity (animal unit months/ha), “annualPrecip” is the annual
precipitation; “aum.change*annualPrecip” is the interaction between the change in grazing intensity and annual precipitation;
“precip.change” and “precip.change_q” are the linear and quadratic terms for change in precipitation; “temp.change” and
“temp.change_q” are the linear and quadratic terms for change in temperature.
a
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Table 1.2. Model results from linear mixed effects models identifying variable associations with 36-year trends in perennial forb/grass
biomass, annual forb/grass biomass, and bare ground cover in Bureau of Land Management grazing allotments in the western
contiguous United States from 1984 – 2020. Beta estimates and standard errors (SE) for fixed effects, and standard deviations (SD) of
random effects are included. We centered and scaled all variables; thus, beta estimates are directly comparable within response
groups.
Fixed Effects

Random Effects

Response

Variable

Estimate SE

Variable

SD

Perennial Forb/Grass Biomass

Intercept

1.76

0.98

Intercept

2.58

aum.mean

0.28

0.35

aum.mean

0.90

precip.mean

-0.25

0.045

Residual

4.39

aum.mean*precip.mean

-0.045

0.039

precip.trend

1.86

0.051

temp.trend

-1.14

0.064

temp.trend_q

0.0017

0.028

Intercept

4.93

1.13

Intercept

2.99

aum.mean

0.11

0.32

aum.mean

0.84

Annual Forb/Grass Biomass
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Bare Ground Cover

precip.mean

-0.12

0.033

Residual

3.14

aum.mean*precip.mean

-0.074

0.027

precip.trend

0.59

0.036

precip.trend_q

-0.20

0.020

temp.trend

-0.13

0.050

temp.trend_q

-0.39

0.020

Intercept

-0.13

0.017

Intercept

0.045

aum.mean

0.0049

0.012

aum.mean

0.032

precip.mean

0.027

0.0013

Residual

0.12

aum.mean*precip.mean

-0.0049

0.0011

precip.trend

-0.056

0.0014

precip.trend_q

0.0061

0.00076

temp.trend

0.065

0.0019

Variable descriptions: “aum.mean” is the mean grazing intensity (animal unit months/ha), “precip.mean” is the mean precipitation;
“aum.mean*precip.mean” is the interaction between mean grazing intensity and mean precipitation; “precip.trend” and
“precip.trend_q” are the linear and quadratic terms for trends in precipitation; “temp.trend” and “temp.trend_q” are the linear and
quadratic terms for trends in temperature.
a
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FIGURES

Figure 1.1. Location of Bureau of Land Management grazing allotments (dark blue and
red areas). Red areas represent grazing allotments included in our analysis determining
what factors were most associated with vegetation change from 1984 – 2020, while blue
areas represent allotments that were not included in analysis. Basemap is the Esri World
Topographic map.
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Figure 1.2. Conceptual diagram describing the three main research questions/objectives and analyses completed to identify annual and
36-year trends in vegetation on Bureau of Land Management grazing allotments in the western contiguous United States from 1984 –
2020. We first determined how perennial and annual forb/grass biomass (kg/ha), bare ground cover (%), and grazing intensity (animal
unit months [AUM]/ha) changed over the past 36 years. Second, we identified factors, including annual changes in precipitation (mm),

temperature (℃), and grazing intensity, associated with annual changes in vegetation. Third, we identified factors, including 36-year
trends (i.e., slopes) in precipitation and temperature, and mean grazing intensity, associated with 36-year trends in vegetation.
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a.

b.

c.

d.

e.

f.

Figure 1.3. Overlap of variable data distributions for the full dataset (red) and filtered
dataset included in linear mixed effects models (blue). Data represent precipitation (mm;
a.), temperature (℃; b.), perennial forb/grass biomass (kg/ha; c.), annual forb/grass
biomass (d.), bare ground cover (%; e.), and animal unit months (f.) of Bureau of Land
Management grazing allotments in the contiguous United states from 1984 – 2020.
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a.

b.

c.

d.

45

Figure 1.4. Change in (a.) perennial forb/grass biomass (kg/ha), (b.) annual forb/grass
biomass, (c.) bare ground cover (%), and (d.) grazing intensity (animal unit months/ha) in
Bureau of Land Management grazing allotments across the western contiguous United
States from 1989 – 2020. Gray lines in left plots represent values for each grazing
allotment, while the dark black line represents the mean value across allotments.
Histograms in right plots show the variation in 31-year trends for each response across
allotments, calculated as random slopes in linear mixed effects models. Dashed, vertical
lines designate a slope of 0 (i.e., no change occurred across the 31-year period). We only
show data since 1989 because that is when grazing data became most available.
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Figure 1.5. Thirty-six-year trends in perennial forb/grass biomass (kg/ha/year; top left),
annual forb/grass biomass (top right), precipitation (mm/year; bottom left), and
temperature (℃/year) on Bureau of Land Management grazing allotments in western
contiguous United States from 1984 – 2020. Basemaps are Esri World Topographic
maps.
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Annual Change in Perennial Forb/Grass
Biomass

36-year Trend in Perennial Forb/Grass
Biomass

a.

b.

c.

d.

e.

f.

Figure 1.6. Factors associated with annual change (a., c., e.) and 36-year trends (b., d., f.)
in perennial forb/grass biomass (kg/ha) on Bureau of Land Management grazing

48

allotments in the western contiguous United States from 1984 – 2020. Plots show
population-level predictions for changes in biomass, with 95% prediction intervals (gray
ribbons) that incorporate variation from both fixed and random effects in the model.
Black dots represent real observations to demonstrate how well the predicted effect fits
real data. Plots a. and b. demonstrate the association between the annual change in
grazing intensity (AUM/ha) and annual change in biomass (a.), as well as mean grazing
intensity associations with 36-year trends in biomass (b.) on allotments with low (99
mm), average (334 mm), and high (569 mm) annual precipitation. Plots c. and d.
demonstrate the association between annual changes (c.) and 36-year trends (d.) in annual
precipitation (mm) on annual changes and 36-year trends in biomass, respectively. Plots
e. and f. demonstrate the association between annual changes (e.) and 36-year trends (f.)
in annual temperature (℃) on annual changes and 36-year trends in biomass,
respectively.
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Annual Change in Annual Forb/Grass
Biomass

36-year Trend in Annual Forb/Grass
Biomass

a.

b.

c.

d.

e.

f.

Figure 1.7. Factors associated with annual change (a., c., e.) and 36-year trends (b., d., f.)
in annual forb/grass biomass (kg/ha) on Bureau of Land Management grazing allotments
in the western contiguous United States from 1984 – 2020. Plots show population-level
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predictions for changes in biomass, with 95% prediction intervals (gray ribbons) that
incorporate variation from both fixed and random effects in the model. Black dots
represent real observations to demonstrate how well the predicted effect fits real data.
Plots a. and b. demonstrate the association between the annual change in grazing intensity
(AUM/ha) and annual change in biomass (a.), as well as mean grazing intensity
associations with 36-year trends in biomass (b.) on allotments with low (99 mm), average
(334 mm), and high (569 mm) annual precipitation. Plots c. and d. demonstrate the
association between annual changes (c.) and 36-year trends (d.) in annual precipitation
(mm) on annual changes and 36-year trends in biomass, respectively. Plots e. and f.
demonstrate the association between annual changes (e.) and 36-year trends (f.) in annual
temperature (℃) on annual changes and 36-year trends in biomass, respectively.
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Annual Change in Bare Ground Cover

36-year Trend in Bare Ground Cover

a.

b.

c.

d.

e.

f.

Figure 1.8. Factors associated with annual change (a., c., e.) and 36-year trends (b., d., f.)
in bare ground cover (%) on Bureau of Land Management grazing allotments in the
western contiguous United States from 1984 – 2020. Plots show population-level
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predictions for changes in cover, with 95% prediction intervals (gray ribbons) that
incorporate variation from both fixed and random effects in the model. Black dots
represent real observations to demonstrate how well the predicted effect fits real data.
Plots a. and b. demonstrate the association between the annual change in grazing intensity
(AUM/ha) and annual change in cover (a.), as well as mean grazing intensity associations
with 36-year trends in cover (b.) on allotments with low (99 mm), average (334 mm), and
high (569 mm) annual precipitation. Plots c. and d. demonstrate the association between
annual changes (c.) and 36-year trends (d.) in annual precipitation (mm) on annual
changes and 36-year trends in cover, respectively. Plots e. and f. demonstrate the
association between annual changes (e.) and 36-year trends (f.) in annual temperature
(℃) on annual changes and 36-year trends in cover, respectively.
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a.

b.

Figure 1.9. Examples of herbaceous biomass (kg/ha; black line), biomass allocated to
cattle (i.e., billed Animal Unit Months [AUM] converted to kg/ha forage; red line), and
precipitation (blue dashed line) in 2 Bureau of Land Management grazing allotments in
the western contiguous United States from 1986 – 2020. Plot a. shows an example of an
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allotment with increasing herbaceous biomass and static grazing management at 0.056
AUMs/ha (~23 kg/ha forage for cattle). Plot b. shows an example of an allotment with
decreasing herbaceous biomass and static grazing management at 0.50 AUMs/ha (~208
kg/ha forage for cattle).
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2.

CHAPTER 2: SPATIOTEMPORAL EFFECTS OF CATTLE GRAZING ON
MAMMAL COMMUNITIES

INTRODUCTION
Rangelands, typically defined as grasslands, shrublands, tundra, or dispersed forests
where livestock grazing is the primary land use (Lund 2007, Briske 2017), have immense
ecological, economic, and social importance, given the many ecosystem services they
provide and the livelihoods they support (Lund 2007, Natural Resources Conservation
Service 2021a). Rangelands are the most common land type in the western United States,
but they experience many threats, including land use conversion to row crop agriculture
(Lark et al. 2020), energy development (e.g., Allred et al. 2015), urban development
(Theobald et al. 1997, Reeves et al. 2018), climate change (Joyce and Marshall 2017),
exotic annual grass invasion (Bradley et al. 2018, Nagy et al. 2021), riparian/meadow
degradation (Natural Resources Conservation Service 2021, Natural Resources
Conservation Service 2021b), and unsustainable grazing practices (Fleischner 1994,
Alkemade et al. 2013, Pulido et al. 2018). To combat and mitigate threats to rangelands,
various governmental and non-governmental programs have been established that
promote and protect “working lands” that conserve biodiversity and ecosystem function,
while maintaining livelihoods of the community (e.g., Kremen and Merenlender 2018).
Sustainable grazing of domestic cattle (hereafter, “cow” or “cattle”), defined as grazing
practices that do not irreversibly degrade the ecosystem (e.g., Mitchell 2010), is one of
the primary “working lands” activities on rangelands. However, the effects of cattle
grazing on rangeland ecosystems remains a nuanced and controversial topic.
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Intensive overgrazing that does not allow vegetation to recover from herbivory
can negatively affect ecosystem function and structure through reductions in biomass,
biodiversity, and heterogeneity of plant communities (Smith 1977, Fleischner 1994,
Kauffman and Pyke 2001). However, research has shown that moderate levels of grazing
may be beneficial to some plant communities (e.g., McNaughton 1983, McNaughton
1985), and that interactions between grazing intensity (i.e., stocking rate) and abiotic
variation drive whether grazing has negative, positive, or neutral influences (Briske et al.
2011). These effects may be further mediated by the evolutionary history of grazers in the
region, as vegetation species that have evolved with grazers (e.g., bison [Bison bison])
may be less sensitive to grazing by domesticated species (Milchunas et al. 1988,
Milchunas and Lauenroth 1993).
Wildlife responses to cattle grazing are arguably even more complex, given the
different mechanisms and direct or indirect, spatial or temporal pathways by which
livestock can affect wildlife (Schieltz and Rubenstein 2016). Cattle could negatively
affect wildlife through interference competition, in which cattle displace other species
spatially or temporally merely due to their presence, or exploitative competition, in which
cattle deplete a resource necessary for the coexistence of other species (Park 1954,
Stewart et al. 2002, Chaikina and Ruckstuhl 2006). Alternatively, cattle could facilitate
wildlife by modifying vegetation and soil structure to the benefit of some species (e.g.,
Gordon 1988, Odadi et al. 2011, Tabeni et al. 2013). For example, studies have found
that wild ungulates may avoid domestic cows, choosing lower-quality habitat (Stewart et
al. 2002), but prefer previously grazed lands to ungrazed lands (Frisina 1992, Mattiello et
al. 1997, Kuiters et al. 2005).

57

Competition or facilitation between cattle and wildlife could also influence
wildlife communities, including species richness, diversity, structure, or interactions
among sympatric species (e.g., Kinnaird and O'Brien 2012, Shamoon et al. 2017, Kimuyu
et al. 2017, Filazzola et al. 2020, Feng, J. et al. 2021, Feng, R. et al. 2021). However,
studies on community-level impacts of cattle grazing are less common, particularly when
evaluating effects on multi-trophic communities. Identifying and understanding
community-level effects of grazing, especially among higher trophic levels in mammal
communities, is important, given the potential cascading effects that may ultimately
modify ecosystem processes and function (Estes et al. 2011, Ripple et al. 2014, Lacher et
al. 2019).
Studies evaluating grazing effects on medium-large-sized mammal communities
found that cattle grazing resulted in reduced species richness in Kenya (Kinnaird and
O'Brien 2012), Indonesia (Pudyatmoko 2017), and northeast China (Feng, J. et al. 2021),
and these declines in species richness resulted in changes in community structure.
However, we are unaware of any published study evaluating the effects of cattle grazing
on medium-large-sized mammal communities in North America. Research on mammal
community response to grazing in North American rangelands is needed, given the vast
differences in habitat types, mammal communities, conservation practices, and
anthropogenic disturbances with other studies. Further, a better understanding of the
spatiotemporal effects of cattle grazing on mammal communities could facilitate
biodiversity conservation on North American rangelands and may offer further insight
into cattle grazing as a sustainable land use.
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Our goal was to identify spatiotemporal effects of cattle grazing on medium to
large (>150 g) mammal communities in western Montana, where rangeland cattle grazing
is a common practice and where the mammal community present during western
expansion in the 1800s largely persists. Specifically, our objectives were to determine
how varying levels of cattle use affected: 1) species-specific occupancy and detection
probability; 2) site-level species richness; 3) species richness and diversity across groups
of sites with varying levels of cattle detection rates; 4) species-specific detection rates
(i.e., count/day); and 5) species-specific daily activity patterns. Spatial and temporal
patterns could be due to a variety of biotic and abiotic factors unrelated to cattle grazing
(e.g., Frey et al. 2017, Blanchet et al. 2020), so an additional broad objective was to
identify the relative importance of environmental vs. anthropogenic factors on
spatiotemporal dynamics.
We hypothesized that spatiotemporal dynamics of mammal communities were
driven by either 1) intensity of cattle use, due to either interference or exploitative
competition for vegetative resources; or 2) environmental factors (e.g., vegetative cover
or terrain ruggedness) unrelated to cattle use. We predicted mammal species richness and
diversity would decrease at high levels of cattle use, as found in other countries (Kinnaird
and O'Brien 2012, Feng, J. et al. 2021), but be higher in regions with higher productivity
and cover (e.g., Hawkins et al. 2003). We also predicted mammal responses to cattle
intensity of use would be species-specific, with ungulates having stronger negative
responses to cattle, particularly elk, given their higher dietary overlap (Stewart et al.
2002, Chaikina and Ruckstuhl 2006). Specifically, we predicted most species would co-
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occur with cows, but detection rates would reduce, and daily activity patterns would shift
away from diurnal activity to avoid cattle (Pudyatmoko 2017, Feng, R. et al. 2021).
STUDY AREA
Our study occurred from 2017 – 2020 on 7 private properties (hereafter,
“ranches”) that grazed cattle in either the Blackfoot Valley or near the Front Range in
western Montana (Figure 2.1). All 7 ranches grazed cattle throughout the summer, using
a form of rotational grazing (i.e., cows were moved between pastures throughout the
grazing season); however, there was variation in grazing intensity (measured as cow
photos/day) within and across ranches. Ranches also varied in size (930 ha – 47,800 ha)
and by other environmental and anthropogenic characteristics (Table 2.1). We could not
acquire specific animal unit months (AUMs)/ha for all ranches or pastures, but ranches
generally grazed at <1.5 AUMs/ha, which is consistent with grazing intensities on public
lands (W. Lutjens, Bureau of Land Management, personal communication).
The Blackfoot Valley was part of the Middle Rockies ecoregion, typified by
Douglas-fir (Pseudotsuga menziesii), western larch (Larix occidentalis), and ponderosa
pine (Pinus ponderosa) forests and intermontane valleys of native bunchgrasses such as
rough fescue (Festuca campestris) and bluebunch wheatgrass (Pseudoroegneria spicata).
The Front Range was part of the Northwestern Glaciated Plains ecoregion, typified by
subalpine fir (Abies bifolia), Douglas-fir, and lodgepole pine (Pinus contorta) forests;
rough fescue, Idaho fescue (Festuca idahoensis), and wheatgrass prairies; and
interspersed shrublands of shrubby cinquefoil (Dasiphora fruticose), snowberry
(Symphoricarpos spp.), and common juniper (Juniperus communis; Woods et al. 2002).
Mammal species detected in these regions are provided in Figure 2.3Figure 2.3.
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METHODS
Field Methods
Our goal was to sample ranches representative of cattle grazing in western Montana and
that offered a range of environmental and anthropogenic conditions. It was difficult to
determine what was “representative”, given the sensitivities of private lands grazing
practices, and we were constrained to sampling ranches that permitted us access. Thus,
the ranches we sampled likely did not span the full diversity of grazing practices in
western Montana. However, environmental and anthropogenic (i.e., cattle detection rate)
characteristics varied considerably within and across ranches (Table 2.1); thus, we
believe our sample was adequate to address our research questions.
Within each ranch, we used a generalized random-tessellation stratified (GRTS)
design (Stevens and Olsen 2004) to identify 150 random locations at least 500 m apart
using the “spsurvey” package (Kincaid and Olsen 2016) in R (R Core Development
Team 2021). From May – October, we deployed Reconyx Hyperfire H500 and Browning
Recon Force Advantage motion-triggered trail cameras at 15 – 30 random sites (selected
from the original random sample of sites), then moved trail cameras to new random
locations after at least 21 days (McShea et al. 2016, Ferreras et al. 2017, Kays et al.
2020). Thus, we moved cameras at least 5 times from May through October, usually
resulting in a sample size of ≥ 75 camera locations. We sampled five ranches only one
year (2018 or 2019) and two ranches multiple years; thus, sample sizes (i.e., number of
camera locations) varied across ranches.
We set cameras to take 5- or 10-picture bursts at approximately 2 pictures/second
each time they were triggered with 1 second lag time between triggers, 24 hours per day.
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We set cameras approximately 50 cm high, parallel to the ground, on the nearest tree or
post to the random location and pointed cameras in a direction that offered a large field of
view. Before setting the camera, we used the camera “walk test” function to determine
how far the camera could detect a human-sized mammal by walking back and forth in
front of the camera until we reached a distance it did not detect motion.
We uploaded pictures from trail cameras into eMammal software that grouped
pictures taken <60 seconds apart into independent sequences. We identified the number
of unique individuals of each species in each sequence, then reviewed photos to ensure
accuracy and archived them at the Smithsonian Digital Repository (McShea et al. 2016).
All field methodology was approved through the University of Montana Institutional
Animal Care and Use Committee (protocol identification number: 015-18JMWB031618).
Analytical Methods
Covariates.—We identified covariates at both local and landscape scales that
could affect mammal occupancy and detection rates on ranches. Stein et al. (2015)
reported that vegetation, topography, and climatic variation were some of the most
important environmental drivers of species richness worldwide. Further, Feng, J. et al.
(2021) determined that cattle detection rate affected mammal species occupancy and
species richness in a temperate forest in China. Thus, we included variables associated
with these factors in species richness, occupancy, and detection rate analyses. Covariates
included cattle detection rate (count/day), distance (m) to hydrologic feature (e.g., stream;
Blake and Loiselle 2018), distance (m) to road (e.g., Vanthomme et al. 2013, Torres et al.
2016), average percent tree cover within 100 m and 1 km, herbaceous productivity (i.e.,
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above-ground biomass; kg/ha) within 100 m and 1 km (Huston 1979), and ruggedness
(index between 0 and 1; Sappington et al. 2007). We also included date of the survey and
the distance the camera could detect movement as covariates in occupancy and detection
models to account for heterogeneity in detection abilities across seasons and cameras
(Kays et al. 2020).
We calculated cattle detection rate as the number of unique cows detected within
each photo sequence, summed across sequences at a camera site, and divided by the
number of days the camera was active. At sites where cattle were detected, we also
defined 3 intervals representing the time before cattle detections at a site (“Before Cow
Interval”), the time between the first and last detection of a cow (“Cow Interval”), and the
time after the last cow detection (“After Cow Interval”; Figure 2.2). We included these
variables to identify fine-scale spatiotemporal effects of cattle on mammal detection rates
and activity patterns. We calculated the distance to hydrologic features and roads across
every 30x30 m pixel within our study area using hydrologic data from the USGS
National Hydrography Database (Archuleta and Terziotti 2020), road data from the
United States Census Bureau TIGER/Line shapefile database, and the “Euclidean
Distance” tool in ArcMap 10.8 (Environmental Systems Research Institute, Inc.,
Redlands, CA). We acquired tree cover and herbaceous biomass (i.e., productivity) data
for 2017 – 2020 at 30x30 m resolution from the Rangelands Analysis Platform (Jones et
al. 2018, Robinson et al. 2019, Allred et al. 2021, Jones et al. 2021) and calculated a
“vector ruggedness measure” at 30x30 m resolution using digital elevation models and
methods described by Sappington et al. (2007).
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Before fitting models, we centered and scaled all continuous variables so speciesspecific parameter estimates would be directly comparable. We also determined whether
predictor variables were correlated using Pearson’s correlation coefficient (Pearson 1895)
and removed variables from models if |r| ≥ 0.7 (Dormann et al. 2013). Tree cover within
1 km, productivity within 100 m, and productivity within 1 km were highly correlated
with other covariates, so we removed those covariates from the final model, given
preliminary analyses suggested they explained less variation in the response. We also
investigated non-linear forms of predictor variables by fitting single-variable models with
each variable form (linear, quadratic, and pseudothreshold) using the “glm()” function in
R (R Core Development Team 2021). We determined which form was most supported
using Akaike’s Information Criterion (AIC; Akaike 1973, Burnham and Anderson 2002)
and included the most supported variable form of each predictor in a global model for
each response.
Objective 1: Multispecies Occupancy Model.—We used multispecies hierarchical
occupancy modeling (i.e., hierarchical community model; Dorazio and Royle 2005,
Dorazio et al. 2006, Kéry and Royle 2008) to estimate wild mammal (squirrel-sized or
larger) species-specific occupancy probabilities and detection probabilities as well as sitespecific species richness, given species are often imperfectly detected (MacKenzie et al.
2002) and associations between environmental or anthropogenic factors and
occupancy/species richness could be biased if imperfect detection is not accounted for
(McNew and Handel 2015, Tingley et al. 2020). Occupancy models require repeat
surveys to be completed either spatially or temporally to estimate detection probability
(MacKenzie et al. 2002). Thus, we split camera sessions into 7-day “surveys” where each
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species detected (i.e., photo taken) within the survey was considered “present” and
received a “1” for that survey, while each species not detected received a “0” for that
survey and was considered either absent or present and not detected. Most cameras were
active for 3-5 weeks, so we truncated the dataset at 35 days, resulting in a maximum of 5
repeat surveys for each camera site.
Spatial and demographic closure is an assumption of occupancy models
(MacKenzie et al. 2002) and this assumption is almost always violated in camera trap
studies, given species are not truly “available” for detection unless they occur within the
“region of detectability” in front of the camera. Thus, we interpreted occupancy as a
metric of “use” (rather than area occupied) and detection probability as a combination of
both the availability for detection (i.e., whether the mammal was in front of the camera or
not) and the ability of the camera take a photo of the mammal, assuming it was within the
region of detectability (Burton et al. 2015). Further, we considered a “site” as the ~0.03
km2 area surrounding the trail camera, given that is the maximum scale associated
covariates in models, and we considered camera sites to be dependent on the ranch in
which they occurred. Thus, we calculated separate intercepts by ranch in occupancy and
detection rate models (see below).
We modeled multispecies occupancy by defining the “true” occurrence of species
i at site j as a binary variable, Zi,j, that equaled 1 if the species was present at the site and
0 if absent. We assumed Zi,j was the outcome of a Bernoulli random variable, Zi,j ~
Bern(ψi,j), where ψi,j was the probability of occupancy of species i at site j. To account for
imperfect detection, we assumed the observed “detection histories” of species i at site j
during survey k were also the outcome of a Bernoulli random variable, yi,j,k ~ Bern(pi,j,k *
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Zi,j), where pi,j,k was the probability of detecting species i at site j during survey k, which
was fixed to 0 if the species did not occur at the site (i.e., Zi,j = 0).
We hypothesized that species-specific occupancy and detection probabilities
would vary both by ranch and site/survey-level covariates. Thus, we included the
covariates outlined above in occupancy and detection portions of the multispecies
occupancy model in a similar fashion as described in Zipkin et al. (2010). Specifically,
we modeled species-specific occupancy probabilities to vary by ranch (r); thus, each
ranch had a unique occupancy intercept estimate for each species (α0r,i). Further, we
included domestic cow detection rate (“CowRate”) as a quadratic form and tree cover
within 100 m (“Tree100”), distance to road (“Road”), distance to stream (“Hydro”), and
ruggedness (“Rugged”) as linear forms in the occupancy model:

logit(ψi,j) = α0r,i + α1i * CowRatej + α2i * CowRate2j + α3i *

(Eq. 1)

Tree100j + α4i * Roadj + α5i * Hydroj + α6i * Ruggedj

We also estimated separate species-specific detection probability intercepts by
ranch (β0r,i) and included the date of the middle of the survey period (“Date”), detection
distance of the camera (“Detection”), and a binary variable indicating whether a domestic
cow was detected during the survey (“CowPres”) as covariates explaining variations in
species-specific detection probability:

logit(pi,j,k) = β0r,i + β1i * Datej,k + β2i * Detectionj + β3i *
CowPresj,k
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(Eq. 2)

We related species-specific occupancy and detection probabilities through a
hierarchical design in which each of the occupancy and detection probability parameters
were treated as random effects drawn from hyperparameter distributions. This design is
useful as it improves precision of species-specific estimates and allows occupancy and
detection probabilities of rare species to be estimated that may not be possible using a
single species approach (e.g., Kéry and Royle 2008). We assumed the species-specific
occupancy intercept in ranch r was drawn from a normal distribution with a mean μα0r
and standard deviation 𝜎α0r: α0r,i ~ N(μα0r, 𝜎α0r). We also drew each species-specific
occupancy slope parameter (α1:6i) from a normal distribution with mean μα1:6 and
standard deviation 𝜎α1:6: α1:6i ~ N(μα1:6, 𝜎α1:6). We modeled species-specific detection
probability parameters in the same fashion. We used relatively vague hyperpriors (μα, μβ
~ N(0, 10); 1/𝜎α2, 1/𝜎β2 ~ gamma(0.1, 0.1)) in models to allow broad sampling of
parameter space (Kéry and Royle 2008).
It is likely that some species available for detection in the community were never
detected, so we included a data augmentation approach in our hierarchical multispecies
occupancy model (Kéry and Royle 2009). To implement the data augmentation
modification, we first added n (number of species observed) all-zero encounter histories
to the dataset so the full dataset, with all-zero encounter histories included, had 2n
species. We modeled the augmented dataset as a zero-inflated version of a model where
the true number of species (N) was observed. Thus, we modified the occurrence process
so that Zi,j ~ Bern(ψi,j * wi), where wi = 1 if the species was “available” (i.e., either
observed or unobserved, but available) and wi = 0 if the species was “unavailable” (i.e.,
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unobserved and not available for sampling). We assumed wi was the outcome of a
Bernoulli random variable, wi ~ Bern(Ω), where Ω was the probability a species was
available for sampling. We used a vague uniform prior for the Ω parameter: Ω ~
uniform(0, 1).
We fit the occupancy model within a Bayesian framework using the R2jags
package (Su and Yajima 2015) in R. We estimated posterior distributions of predictors by
running 3 Markov Chain Monte Carlo (MCMC) chains, each for 100,000 iterations, with
a burn-in of 25,000, and thinning of 10. We identified whether models converged by
ensuring

values were <1.1 (Gelman and Rubin 1992) and by examining posterior

distributions and MCMC chains. We determined site-level species richness by summing
across each row of the “true” occurrence matrix (Z) for each iteration and used these
values for future species richness analyses (see below).
We assumed predictors had a strong influence on the response if 95% credible
intervals (between 2.5% and 97.5% quantiles) of posterior distributions of parameter
estimates did not overlap zero. Many parameters are estimated when fitting multi-species
models and the problems with multiple comparisons, including false inference, have long
been known (e.g., Tukey 1953). However, given our primary interest was to identify the
relative effect sizes of parameters, not explicitly reject (or fail to reject) null hypotheses
for each covariate included, and the hierarchical structure of our model largely addressed
the problems associated with multiple comparisons (Gelman et al. 2012), we did not
adjust significance levels of parameter estimates. Rather, we maintained the 95% credible
interval as a “benchmark” to compare the strength of an effect, relative to other
covariates included in the model.
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Objective 2: Site-level species richness.—We identified associations between
camera-level species richness and environmental and anthropogenic factors using sitelevel species richness estimates from the multispecies occupancy model. For each
iteration of the MCMC chain, we calculated the Pearson correlation coefficient (Pearson
1895) between the site-level species richness estimates, by ranch, and each site covariate
described above. Thus, the outcome was a distribution of Pearson correlation coefficients
for each covariate, where we assumed a coefficient distribution with 95% credible
interval (between 2.5% and 97.5% quantile) that did not overlap zero suggested a
significant correlation between site-level richness and the covariate (e.g., Magle et al.
2021). This method allowed us to account for the variation in site-level species richness
estimates from the multispecies occupancy model.
Objective 3: Group-level species richness and diversity.—We used mammal
incidence data from camera traps within strata representing sites with no cows, sites with
0 < cows/day ≤ 3 (representing ~50% of sites with cows), and sites with >3 cows/day to
calculate sample-size and coverage-based rarefaction/extrapolation curves and 95%
confidence limits for species richness (diversity order q = 0) and Shannon diversity (i.e.,
effective number of common species; diversity order q = 1) using the iNEXT package in
R (Hsieh et al. 2020). For this analysis, we grouped data from all 7 ranches to increase
sample sizes within each stratum. When grouping, we only used data from one year of
sampling for each ranch so results would not be heavily skewed by data from ranches
with more camera sites.
We used rarefaction/extrapolation methods to estimate group-level species
richness, given the difficulty in interpreting community-level asymptotic species richness
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estimates when including spatial covariates in multi-species occupancy models (Kéry and
Royle 2009). Further, multiple diversity metrics can be estimated using the iNEXT
package, which allowed us to identify whether cattle use affected the evenness of species
incidence rates across sites, even if there were no differences in species richness.
Objective 4: Mammal detection rate and multispecies Poisson count model—
Responses in occupancy models are binary (i.e., presence/absence or detection/nondetection; MacKenzie et al. 2002). Thus, we also evaluated mammal detection rates in
response to cattle use, given cattle presence could affect mammal use of a site, without
affecting mammal presence (e.g., mammal species presence, but lowered abundance or
activity). We calculated mammal detection rate by counting the number of each species
detected on a camera in each sequence and dividing by the number of days the camera
was active. Then, we calculated the mean and standard deviation of detection rates,
grouping by cow detection rate strata. We included all cameras active for 14 – 60 days
for this analysis.
We fit a multispecies Poisson count model with 18 of the most commonly
detected species across trophic groups, including American red squirrel (Tamiasciurus
hudsonicus), Columbian ground squirrel (Urocitellus columbianus), white-tailed
jackrabbit (Lepus townsendii), snowshoe hare (Lepus americanus), porcupine (Erethizon
dorsatum), elk (Cervus canadensis), moose (Alces alces), mule deer (Odocoileus
hemionus), white-tailed deer (Odocoileus virginianus), pronghorn (Antilocapra
americana), striped skunk (Mephitis mephitis), American badger (Taxidea taxus), coyote
(Canis latrans), bobcat (Lynx rufus), mountain lion (Puma concolor), gray wolf (Canis
lupus), black bear (Ursus americanus), and grizzly bear (Ursus arctos). We hypothesized
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species-specific detection rates (λi,j) would vary both by ranch (r) and site-level (j)
covariates. Thus, we included the covariates outlined above as predictor variables and
species-specific counts as the response variable in the multispecies Poisson model.
Specifically, we modeled species-specific detection rates to vary by ranch (r);
thus, each ranch had a unique detection rate intercept estimate for each species (β0r,i).
Further, we included domestic cow detection rate (“CowRate”) as a quadratic form; cow
intervals as binary categorical variables (“CowInt” = interval between first and last
detection of a domestic cow; “AfterCow” = interval after last detection of a domestic
cow); and tree cover within 100 m (“Tree100”), distance to road (“Road”), distance to
stream (“Hydro”), ruggedness (“Rugged”), date of the middle of the camera-specific
deployment period (“Date”), and camera detection distance (“Detection”) as linear forms
in the model. We also included an extra error term (epsi,j) in the model to account for
overdispersion and included an offset term (offsetj) equivalent to the natural log of the
number of days the camera was active:

log(λi,j) = β0r,i + β1i * CowRatej + β2i * CowRate2j + β3i * CowIntj +

(Eq. 3)

β4i * AfterCowj + β5i * Tree100j + β6i * Roadj + β7i * Hydroj + β8i *
Ruggedj + β9i * Datej + β10i * Detectionj + log(offsetj) + epsi,j

We related species-specific detection rates through a hierarchical design in which each of
the detection rate parameters were treated as random effects drawn from hyperparameter
distributions. We assumed the species-specific mean detection rate in ranch r was drawn
from a normal distribution with a mean μβ0r and standard deviation 𝜎β0r: β0r,i ~ N(μβ0r,
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𝜎β0r). We also drew each species-specific detection rate slope parameter (β1:10i) from a
normal distribution with mean μβ1:10 and standard deviation 𝜎β1:10: β1:10i ~ N(μβ1:10,
𝜎β1:10). We used relatively vague hyperpriors (μβ ~ N(0, 10); 1/𝜎β2 ~ gamma(0.1, 0.1)) in
models to allow broad sampling of parameter space (Kéry and Royle 2008).
We fit the Poisson model within a Bayesian framework using the R2jags package
(Su and Yajima 2015) in R. We estimated posterior distributions of predictors by running
3 Markov Chain Monte Carlo (MCMC) chains, each for 100,000 iterations, with a burnin of 25,000, and thinning of 10. We assumed predictors had a strong influence on the
response if 95% credible intervals (between 2.5% and 97.5% quantiles) of posterior
distributions of parameter estimates did not overlap zero. We identified whether models
converged by ensuring

values were <1.1 (Gelman and Rubin 1992) and by examining

posterior distributions and MCMC chains. We also used posterior predictive checks to
calculate a Bayesian p-value (

) to assess model fit, assuming 0.1

0.9

represented adequate fit (Gelman et al. 2014).
Objective 5: Daily activity patterns.—We used photo time stamps to identify
daily activity patterns of species when cattle were present and cattle were absent.
Changes in activity patterns could be related to factors other than cattle presence (e.g.,
tree cover), so we limited our sample to only cameras where cattle occurred and
compared activity patterns between the interval when cows were present (i.e., between
the first and last detections of a cow at a site) and absent (i.e., either before the first
detection or after the last detection of cows; Figure 2.2). We calculated probability
density distributions of time stamps for species that had sufficient locations (≥10) in both
“cow present” and “cow absent” categories using the non-parametric kernel density
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estimation procedure (Ridout and Linkie 2009). We calculated the overlap of speciesspecific activity patterns between categories using the “overlap” package (Ridout and
Linkie 2009) in R to identify whether activity patterns were affected by cow presence.
We assumed overlap values close to 0 suggested a change in activity patterns, while
values closer to 1 suggested no change.
Overlap values <1 could be due to random chance, rather than true changes in
activity patterns. To identify whether there were significant differences in activity
patterns across categories, we conducted a permutation test described in Niedballa et al.
(2019). First, we randomized category values (1 for “cow present”; 0 for “cow absent”)
for each detection of a species by running a Bernoulli trial with the probability of
“success” equal to the proportion of real detections in the “cow present” category (so the
simulated data would have similar sample sizes in each category). Then, using these
simulated category values, we created probability density distributions for each category
and calculated the amount of overlap using methods described above. We repeated this
procedure 1,000 times to identify a distribution of overlap values that occurred at
random. To calculate the probability the observed, empirical overlap value was random
(i.e., not lower than random permutations), we used the equation:

(Eq. 4)

where

is the overlap value of permutation i;

is the overlap value of the

observed, empirical dataset; I is an indicator variable taking a value of 1 if true and 0 if
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false; and n is the total number of permutations (Niedballa et al. 2019). We assumed pvalues ≤ 0.025 represented a “significant” shift in activity patterns across categories.
To test whether mammal species became more nocturnal in the presence of cattle,
which are primarily diurnal, we fit species-specific logistic models with a binary response
representing whether a species detection was at night (30 minutes after sunset – 30
minutes before sunrise; “1”) or during the day (30 minutes before sunrise – 30 minutes
after sunset; “0”). We included cattle detection rate and other spatial (tree cover, distance
to hydrologic feature, distance to road, ruggedness) and temporal (date) covariates
outlined above as predictors in the model to identify whether changes in the probability
of nocturnal detections were related to the presence of cattle or other
environmental/anthropogenic factors. We used the glm() function with a binomial family
and logit link in Program R to fit models and the “ggeffects” package (Lüdecke 2018) to
plot model predictions. We assumed a significance level of α ≤ 0.05, so we considered
predictor variables with 95% confidence limits that did not overlap 0 as statistically
significant.
RESULTS
In total, we deployed 811 trail cameras for a total of 29,297 trap nights across 7 cattle
ranches (Table 2.2). We detected 27 unique wild mammal species (squirrel-sized and
larger) across ranches, as well various small weasels (long-tailed weasel [Mustela
frenata], short-tailed weasel [Mustela erminea], least weasel [Mustela nivalis]) and small
rodents (mice and chipmunks; Figure 2.3). Sites without cows had the highest overall
wild mammal detection rates ( = 1.50 individuals/day, standard deviation [SD] = 1.83),
while sites with 0 < cows/day ≤ 3 cows/day ( = 1.00 individuals/day, SD = 1.20) and
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sites with >3 cows/day ( = 1.16 individuals/day, SD = 2.00) had similar rates (Figure
2.3). Proportion of detections within cow strata varied across species; however, most
species with >10 detections occurred within all 3 strata (Figure 2.4).
Objective 1: Multispecies occupancy.—We included data from 733 camera
locations in the multispecies occupancy model, which converged well, with all

values

< 1.1 and low levels of autocorrelation. Mean occupancy probability across species
varied across ranches, from

= 0.12 (SD = 0.17) to

= 0.22 (SD = 0.26; Table 2.3).

Mean detection probability across species also varied across ranches, from
= 0.14) to

= 0.12 (SD

= 0.25 (SD = 0.18; Table 2.3).

Environmental attributes had the strongest effects on occupancy probability for
most species. Generally, species associated with open plains (e.g., Columbian ground
squirrel, American badger, white-tailed jackrabbit, pronghorn) had negative associations
with tree cover, while species associated with forests (e.g., black bear, mountain lion,
bobcat, snowshoe hare, moose, American red squirrel) had positive associations with tree
cover (Figure 2.5). White-tailed deer (α = -0.50, 95% credible interval [CI] = [-0.72 – 0.29]) and grizzly bears (α = -0.36, CI = [-0.70 – -0.058]) were more likely to occur
closer to streams, while mule deer were more likely to occur further from streams (α =
0.31, CI = [0.11 – 0.54]; Figure 2.5). Ruggedness was not a strong predictor of
occupancy for most species, except for elk (α = 0.30, CI = [0.060 – 0.53]) and mule deer
(α = 0.29, CI = [0.10 – 0.50]), which both had positive associations. The only
anthropogenic variable that had strong associations with species occupancy was distance
to road, where white-tailed deer were more likely occur near roads (α = -0.41, CI = [-0.61
– -0.22]) and elk were more likely to occur further from roads (α = 0.34, CI = [0.11 –
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0.58]). Cow detection rates had no significant associations with species-specific
occupancy.
Detection probability was most strongly associated with survey date, but only for
a few species. Columbian ground squirrels, elk, grizzly bears, and white-tailed deer were
more likely to be detected earlier in the season, while coyotes were more likely to be
detected later in the season (Figure 2.6). Camera detection distances were also associated
with increased detection probabilities for coyotes (β = 0.15, CI = 0.034 – 0.27) and mule
deer (β = 0.16, CI = 0.042 – 0.28), but associated with decreased detection probabilities
for white-tailed deer (β = -0.15, CI = -0.24 – -0.049; Figure 2.6). Cow presence during a
7-day survey did not strongly affect detection probability of most species, except coyotes,
which had a positive association with cow presence (β = 0.34, CI = 0.076 – 0.63), and
elk, which had a negative association with cow presence (β = -0.42, CI = -0.78 – -0.082).
Objective 2: Site-level species richness.—Estimated site-level species richness
varied from 2 (CI = 0 – 7) to 11 (CI = 7 – 17) and was ~2 species higher than the
observed richness, on average. Strength of correlations between site-level species
richness and site-level variables varied among ranches, but tree cover generally had
positive correlations with species richness (r = 0.25, CI = -0.0029 – 0.60), while distance
to stream had slight negative correlations with species richness (r = -0.15, CI = [-0.40 –
0.053]; Figure 2.7). Cow detection rate had no correlation with site-level species richness
(r = 0.0019, CI = -0.17 – 0.25).
Objective 3: Group-level species richness and diversity.—When comparing across
cow detection rate strata, species richness at sites with no cows (species richness = 25, CI
= 25 – 26.55) was not different than sites with 0 < cows/day ≤ 3 cows/day (species
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richness = 24.97, CI = 23.18 – 44.86) or sites with >3 cows/day (species richness =
22.48, CI = 21.17 – 33.73). Shannon diversity was highest at sites with 0 < cows/day ≤ 3
(Shannon diversity = 15.59, CI = 14.88 – 17.14), and was similar between sites with no
cows (Shannon diversity = 13.48, CI = 13.33 – 14.25) and sites with >3 cows/day
(Shannon diversity = 12.93, CI = 12.26 – 14.46; Figure 2.8).
Objective 4: Mammal detection rate and multispecies Poisson count model.—
The multispecies Poisson model had good convergence, with all
adequate fit (

values < 1.1, and

= 0.62). Mean predicted detection rate across species varied from

0.0048 (SD = 0.011) to

=

= 0.040 (SD = 0.13; Table 2.3).

Associations between environmental variables and mammal detection rates were
similar to associations with occupancy and were generally more important factors
explaining variation in detection rates compared to cow detection rates (Figure 2.9).
However, most species detection rates decreased during the “Cow Interval” (i.e., between
first and last detection of a cow at a site), with cervid detection rates decreasing the most
(elk: β = -0.93, CI = -1.53 – -0.44; mule deer: β = -0.70, CI = -1.19 – -0.27; white-tailed
deer: β = -0.60, CI = -1.01 – -0.22; Figure 2.9). Most species did not have strong
associations with the “After Cow Interval” period, except for elk, white-tailed deer, and
mule deer, but the effects were smaller than the “Cow Interval” period. For example, at a
site that had 10 cows/day, on average, throughout the duration of the camera deployment,
white-tailed deer were predicted to have a detection rate (count/day) of 0.10 (CI = 0.072
– 0.15) in the “Before Cow Interval”, 0.057 (CI = 0.039 – 0.083) in the “Cow Interval”,
and 0.071 (CI = 0.044 – 0.11) in the “After Cow Interval” (Figure 2.10).
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Objective 5: Daily activity patterns.—Most species demonstrated at least minor
shifts in daily activity patterns between periods when cows were present (“Cow Interval”)
and when cows were absent (“Before Cow Interval” or “After Cow Interval”; Figure
2.11). Cervids had the strongest changes in activity patterns, with overlap values of 91%
(p-value < 0.001) for white-tailed deer, 91% (p-value = 0.035) for mule deer, and 88%
for elk (p-value = 0.062). Grizzly bear (overlap = 83%, p-value = 0.325), mountain lion
(overlap = 71%, p-value = 0.322), and snowshoe hare (overlap = 87%, p-value = 0.202)
changed slightly when cows were present, but these changes were not significant.
Coyotes (overlap = 94%, p-value = 0.472) and Columbian ground squirrels (overlap =
95%, p-value = 0.641) had little changes in activity patterns between periods when cows
were present or absent (Figure 2.11).
Environmental factors and date were most associated with nocturnal activity for
most species, with generally increasing probability of nocturnal detections later in the
sampling season (i.e., fall) in areas with lower tree cover (Figure 2.12). The only species
that exhibited significant shifts to nocturnal activity with increasing cow detection rates
were grizzly bears (β = 1.39, CI = 0.60 – 2.18) and white-tailed deer (β = 0.10, CI =
0.064 – 0.13). For example, the predicted probability of nocturnal detections of grizzly
bears increased from 0.39 (CI: 0.33 – 0.47) to 0.81 (CI = 0.61 – 0.92) when cow
detection rate increased from 0 cows/day to 25 cows/day (Figure 2.13).
DISCUSSION
In this study, we evaluated the spatiotemporal effects of cattle grazing on the mediumlarge-sized (>150 g) mammal community on rangelands of western Montana. Overall, we
observed relatively weak associations between intensity of cattle use (count/day) and
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mammal species richness/diversity and occupancy, but found a reduction of activity and
change in daily activity patterns in some species, especially cervids, during time periods
when cattle were present. Generally, landscape characteristics and time of year had
stronger influences on mammal communities than cattle grazing, suggesting mammal
community dynamics are largely driven by environmental factors in western Montana.
Our research is novel in that it offers a comprehensive understanding of mammal
community response to cattle grazing on North American rangelands, relative to other
biotic and abiotic factors, and it provides insight into how spatiotemporal changes in
activity may facilitate coexistence between wildlife and cattle, which will be useful to
consider when evaluating cattle grazing as a sustainable “working lands” activity.
Contrary to our predictions, we found little influence of cattle detection rate on
species-specific occupancy or mammal species richness at the site or strata level. These
results suggest that cattle use of sites did not broadly influence the presence or absence of
mammal species. Rather, environmental variables, which are known to be important
drivers of biodiversity (e.g., Hawkins et al. 2003, Stein et al. 2015), explained the most
variation in species richness and occupancy. In contrast, we found an increase in mammal
diversity at sites with 0 < cows/day ≤ 3, which is the first time this result has been
reported in the literature for medium-large mammals. This result could be explained by
the presence of cattle depressing the activity of some of the most abundant mammals in
our study (i.e., cervids), while facilitating presence of other, smaller-bodied mammals
(e.g., coyotes and ground squirrels), resulting in a more “even” community, akin to the
“intermediate disturbance hypothesis” (Grime 1973, Grime 1977, Connell 1978).
Alternatively, the cow detection rate strata may have been confounded with other
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landscape characteristics. For example, locations with 0 < cows/day ≤ 3 had more tree
cover ( = 19.9%, SD = 21.6), on average, than locations with no cows ( = 17.5%, SD =
18.3) or with >3 cows/day ( = 6.4%, SD = 11.2). Thus, this result could be explained by
the difference in tree cover, which had the strongest association with site-specific species
richness. However, we tested whether diversity was different among sites with <20% tree
cover and sites with >20% tree cover and found no differences in diversity estimates. We
are unsure of the mechanism driving this result, but suggest it could be related to both
environmental and anthropogenic (i.e., cattle use) factors. Ultimately, this result
demonstrates that cattle and wild mammals can coexist at moderate grazing intensities.
Our findings are inconsistent with other reported negative effects of cattle
grazing on mammal species richness and occupancy in Kenya (Kinnaird and O'Brien
2012), Indonesia (Pudyatmoko 2017), and China (Feng, J. et al. 2021). We posit the
contrasting results could be related to a variety of factors, including differences in grazing
intensity/forage production, ecosystems or mammal communities studied, and
anthropogenic influences. While grazing intensity and management could affect wildlife
response to grazing (Schieltz and Rubenstein 2016), it is difficult to determine whether
inconsistencies among studies were due to differences in grazing intensity, given the
varied measures of livestock use and differences in forage production. Feng, J. et al.
(2021) used the same cattle intensity measure (cattle detection rate) and generally had
lower cattle detection rates than ours, but we are unsure of the forage production in their
region, so we are unable to determine whether differences were due to differences in
forage exploitation by wild and domestic species.
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Differences among studies could also be related to the study location. For
example, Feng, J. et al. (2021) conducted their study in a forested region that may have
been more sensitive to domestic grazers. Cattle grazing has been shown to have negative
effects on forest biota, particularly when forests are converted to pasture or where there is
no evolutionary history of large grazers (Li and Jiang 2021). The evolutionary history of
large grazers has been theorized to affect vegetation response to domestic grazing
(Milchunas et al. 1988, Milchunas and Lauenroth 1993), which could have cascading
bottom-up effects through the community. We conducted our study in a region where the
extant mammal species co-evolved with bison, a large graminivore, so vegetation may
have been less sensitive to grazing, or species more tolerant to large graminivores, which
could explain why we did not observe strong associations between cattle grazing and
mammal species richness. Further, other studies found that large herbivores with high
dietary overlap with cattle were often some of the most negatively affected by cattle. The
mammal community we studied had no large graminivores to compete for resources with
cattle, so there may have been limited exploitative competition between domestic cows
and mammal species in our study.
Anthropogenic factors may have also contributed to differences among studies.
For example, Feng, J. et al. (2021) conducted their study in a region with multiple
villages interspersed throughout the area; thus, other anthropogenic pressures could have
contributed to the negative effects they identified (e.g., Suraci et al. 2021). In contrast, the
ranches we sampled were largely removed from human development and human
detections on cameras were relatively rare. Further, Kinnaird and O’Brien (2012)
suggested private ranch fencing and human activities, including persecution of wildlife,
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may have explained some of their results. While ranches we sampled were fenced and
hunted, fencing did not restrict movement of wild species and hunting was strictly
managed and primarily occurred in autumn. Given the vast differences between our study
and others, we recommend further replication of our research in North American
rangelands to identify whether our results are consistent with others in more equitable
regions.
Our study found several mammal species had lower detection rates when cattle
were present (i.e., during the “cow interval”); although, cervids were the only species
with significant declines in activity, with elk showing the strongest decline. This result is
generally consistent with other research that found vertebrate herbivores were most
negatively affected by livestock grazing (Filazzola et al. 2020), and that cattle may
compete with ungulates via both interference and exploitative mechanisms (Chaikina and
Ruckstuhl 2006). Our findings that most species detections declined slightly during the
“Cow Interval”, but increased during the “After Cow Interval” suggests interference
competition was the main driver of cattle avoidance for most species. However, cervid
detections only slightly increased during the “After Cow Interval”, suggesting cattle
could be competing with cervids via both interference and exploitative mechanisms.
Cervids in our study area were either browsers or mixed feeders, with elk likely having
the largest dietary overlap with cattle (Chaikina and Ruckstuhl 2006); thus, it is not
surprising that elk had the largest percentage decline in detection rates when cattle were
present. However, elk and mule deer may also prefer areas grazed the previous year or
season, due to the high-quality regrowth and reduced residual vegetation (e.g., Frisina
1992, Yeo et al. 1993). Our sampling scheme prevented us from identifying whether
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these long-term cattle-cervid facilitations occurred in our study. Thus, while we observed
some fine-scale spatiotemporal effects on cervids, these effects may not have been longlasting, especially given we detected minor increases in detection rates after cattle left the
camera site.
Cattle could also have indirect influences on species distributions or abundance
(e.g., Shamoon et al. 2017, Feng et al. 2021); although, there was not strong evidence for
these responses in our study. Feng, J. et al. (2021) suggested the reduction in native
ungulates where cattle occurred may have had cascading, bottom-up effects on
carnivores. We did not observe large spatial effects of cattle grazing on any of the
carnivores in our study, so the temporary decline in detection rates of cervids did not
appear to affect apex predators. Shamoon et al. (2017) found that golden jackals (Canis
aureus) were more active at sites with cattle, which they suggested contributed to
declines in female mountain gazelle (Gazella gazella) activity during parturition.
Similarly, we found coyotes had higher detection rates at sites with cows, while cervids,
potential coyote prey, had lower detection rates. While it is possible that an increase in
coyote activity at sites with cows had some effect on cervid activity, we believe the
response we witnessed was most likely due directly to cattle presence, given the large
amount of literature with similar findings regarding cattle influences on cervids (Chaikina
and Ruckstuhl 2006). Further study of interactions between cervids and coyotes is
necessary to clarify this relationship.
We also observed temporal shifts in daily activity patterns among some species
when cows were present, and these shifts were usually away from the cattle diurnal peaks
in activity, which suggests coexistence of some species with cattle may be facilitated by
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partitioning temporal niche space. Although rare, other studies evaluating temporal shifts
in activity in the presence of livestock have reported similar findings. For example, Feng,
R. et al. (2021) found that some species shifted their peak activity away from that of
cattle in China, and Pudyatmoko (2017) found some ungulates became more nocturnal in
the presence of cows. While these temporal shifts may facilitate coexistence among wild
species and cattle, it could also reduce the niche space among interacting species, which
could have a variety of demographic consequences (Gaynor et al. 2018, Sévêque et al.
2020). Without evaluating fine-scale spatiotemporal interactions or species fitness, we
cannot conclude what individual- or population-level effects these temporal shifts may
incur, but these could be useful avenues for future research.
While there was evidence of temporal shifts in activity in the presence of cattle
for some species in our study, we found that landscape attributes or time of year
explained much more of the variation in nocturnality for most species, and this result
could be confounded with cattle presence, if not accounted for. For example, it appeared
elk became more nocturnal when cattle were present; however, when accounting for
landscape variables and date in our nocturnality model, it became clear that elk were
becoming more nocturnal in open, flat landscapes, where cattle were more likely to
occur, but not due directly to the presence of cattle. We encourage other researchers
exploring temporal shifts in activity to use a similar multivariable approach as ours to
help disentangle temporal niche shifts due to species interactions versus other
environmental or anthropogenic factors (e.g., Frey et al. 2017).
Ultimately, this research demonstrated that cattle grazing did not have strong
spatiotemporal effects on the medium-large mammal community in western Montana,
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other than fine-scale reductions in activity for cervids, and shifts in daily activity patterns
for some species, primarily grizzly bears and white-tailed deer. However, our inference is
limited to the environmental and anthropogenic conditions we sampled, given effects
could change depending on grazing management practices and climatic variation (Briske
et al. 2011, Schieltz and Rubenstein 2016). Thus, while our research suggests cattle
grazing in western Montana can be a largely sustainable activity, as it relates to mediumlarge mammals, we encourage more research in North American rangeland ecosystems to
compare with our findings. Trends and methods of livestock production in North
America and worldwide are also important to consider when examining sustainable land
use practices (e.g., Machovina et al. 2015, Drouillard 2018, Pulido et al. 2018), but this
topic was beyond the scope of our research. We encourage broad discussion of these
topics, beyond our findings, to facilitate sustainable land management decisions.
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TABLES
Table 2.1. Mean and range (minimum - maximum) of environmental and anthropogenic attributes associated with 7 cattle ranches
sampled in western Montana from 2017 – 2020. “Cow Rate” is the number of unique domestic cows detected within each photo
sequence on trail cameras, summed across sequences at a camera site and divided by the number days the camera was active. “Tree
Cover” is the percent tree cover within 100 m of trail camera sites, “Stream Dist.” is the distance (m) from a hydrologic feature, “Road
Dist” is the distance (m) from a road, “Ruggedness” is a ruggedness index with values from 0 (least rugged) to 1 (most rugged),
“Precip” is the average annual precipitation (cm) and “Temp” is the average annual temperature (℃) for the past 35 years.
Ranch

Size
(ha)

Cow Rate
(Count/Day)

1

1,390

2

Tree Cover (%)

Stream Dist
(m)

Road Dist (m)

Ruggedness

Precip Temp
(cm)
(℃)

3.88 (0 - 150.70) 5.98 (0.10 - 50.15)

195 (0 - 510)

806 (30 – 2,670)

0.71 (0.13 - 0.94)

56.59

4.66

1,485

1.22 (0 - 39.33)

23.94 (0.02 - 68.68)

328 (0 – 1,230) 695 (0 – 1,714)

0.69 (0.02 - 0.96)

43.86

5.00

3

2,256

0.49 (0 - 19.72)

38.62 (5.69 - 78.47)

319 (0 – 1,113) 220 (0 – 1,095)

0.51 (0.03 - 0.94)

51.38

4.87

4

47,800 4.21 (0 - 88.78)

0.92 (0 - 7.56)

141 (0 – 1,024) 570 (0 – 2,214)

0.53 (0.01 - 0.94)

34.13

7.22

5

1,208

4.12 (0 - 177.13) 3.4 (0.09 - 27.76)

319 (0 - 858)

581 (0 – 1,994)

0.65 (0.11 - 0.98)

48.08

5.03

6

2,457

2.23 (0 - 108.94) 11.64 (0 - 66.19)

196 (0 - 721)

972 (0 - 2505)

0.72 (0.05 - 0.99)

55.00

4.73

7

930

0.01 (0 - 0.14)

216 (30 - 552)

1,396 (457 –
2,424)

0.72 (0.37 - 0.93)

47.60

5.44

29.29 (5.12 - 45.49)
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Table 2.2. Number of trail cameras deployed, trap nights surveyed, and mammal observations on
7 cattle ranches in western Montana from 2017 – 2020. Number of mammal observations is the
number of unique photo sequences of wild mammals.
Ranch

Camera Sites

Trap Nights

Mammal Observations

1

73

3,159

2,285

2

112

3,358

5,001

3

75

3,196

4,479

4

73

2,755

2,890

5

70

3,099

2,945

6

367

12,681

10,441

7

41

1,049

418
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Table 2.3. Mean and standard deviation (SD) of occupancy probability, detection
probability, and detection rate estimates across 29 wild mammal species within 7 cattle
ranches in western Montana from 2017 – 2020.
Occupancy
Probability

Detection
Probability

Detection Rate
(Count/Day)

Ranch

Mean

SD

Mean

SD

Mean

SD

1

0.16

0.21

0.16

0.11

0.0056

0.012

2

0.17

0.24

0.18

0.21

0.035

0.13

3

0.22

0.26

0.11

0.20

0.040

0.16

4

0.12

0.17

0.25

0.18

0.0048

0.011

5

0.14

0.19

0.15

0.15

0.0072

0.021

6

0.15

0.21

0.18

0.16

0.0094

0.025

7

0.18

0.21

0.12

0.14

0.0050

0.013
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FIGURES

Figure 2.1. Locations of cattle ranches sampled in western Montana (yellow stars in top figure)
from 2017 – 2020, and an example ranch with trail camera locations (red dots in bottom figure).
Basemaps are the ESRI World Topographic Map (top) and ESRI World Imagery Map (bottom).

103

Figure 2.2. Diagram demonstrating the designation of intervals representing the time before
domestic cattle detections at a site (“Before Cow Interval”), the time between the first and last
detection of a cow (“Cow Interval”), and the time after the last cow detection (“After Cow
Interval”) across time (t) at trail camera locations on cattle ranches in western Montana from
2017 – 2020. Black and red “rug” marks represent cattle and white-tailed deer detections (i.e.,
photos) over time, respectively. In this example, white-tailed deer detection rates would be
estimated during all three intervals.
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Figure 2.3. Detection rate (count/day) of wild mammal species detected on trail cameras at sites
with no cows, 0 < cows/day ≤ 3, and >3 cows/day at 7 cattle ranches in western Montana from
2017 - 2020.
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Figure 2.4. Proportion of detections of wild and domestic mammals on trail cameras
across different levels of domestic cow detection rates (count/day) at a site (“No Cow” =
green, “0 < Cows/Day ≤ 3” = yellow, “>3 Cows/Day” = red) at 7 cattle ranches in
western Montana from 2017 - 2020. Numbers at the base of bars represent the speciesspecific count (i.e., number of unique individuals detected in each photo sequence,
defined as all photos taken within 60 seconds of the previous photo, summed across
sequences).
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Figure 2.5. Beta estimates for parameters explaining variation in mammal occupancy probability at 7 cattle ranches in western
Montana from 2017 - 2020. Separate intercepts were estimated for each ranch in the model, depicted by different colors and marker
shapes in the “Psi Int” panel. Cattle detection rate (count/day) was modeled as a quadratic form (“Cows/Day” and “Cows/Day.2”),
while other variables were modeled as linear forms (“Tree Cover” = % tree cover within 100 m; “Stream Dist” = distance to nearest
hydrological feature; “Road Dist” = distance to nearest road; “Ruggedness” = ruggedness index with higher values representing more
rugged sites). Black dots represent the mean beta estimate across ranches and error bars represent the 95% credible interval of the
estimate. Vertical dotted lines identify where beta = 0; thus, variable error bars that cross the dotted line did not have strong
associations with occupancy probability. Note: x-axis scales vary by panel to improve display.
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Figure 2.6. Beta estimates for parameters explaining variation in mammal detection probability
at 7 cattle ranches in western Montana from 2017 - 2020. Separate intercepts were estimated for
each ranch in the model, depicted by different colors and marker shapes in the “Detection
Intercept” panel. “Date” represents the mid-point date of the 7-day survey period, “Detection
Distance” represents the distance at which the trail camera could detect a human-sized mammal,
and “Cow Presence” was a binary variable representing whether a domestic cow was present
during the 7-day survey. Black dots represent the mean beta estimate across ranches and error
bars represent the 95% credible interval of the estimate. Vertical dotted lines identify where beta
= 0; thus, variable error bars that cross the dotted line did not have strong associations with
detection probability. Note: x-axis scales vary by panel to improve display.

109

a.

b.

c.

d.

Figure 2.7. Correlations of domestic cow detection rate (count/day; “CowRate”), distance to
stream (“Hydro”), distance to road (“Road”), ruggedness index (“Rugged”), and tree cover
within 100 m (“Tree100”) with site-level wild mammal (squirrel-sized and larger) species
richness at 7 cattle ranches in western Montana from 2017 - 2020. Correlation values in figure a.
are Pearson correlation coefficients, calculated for each iteration of the Markov chain Monte
Carlo from a multispecies occupancy model. Markers in figure a. represent the 50% quantile of
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correlations, and error bars represent the 95% credible interval (2.5% - 97.5% quantiles) of
correlations. Median site-specific richness values by ranch are shown in relation to tree cover
(b.), distance to stream (c.), and natural log of cow detection rate (d.). Solid lines and error
ribbons represent the best fit line and 95% confidence interval through the richness values;
estimated using a generalized linear model with a Poisson family. Ranches are differentiated
using different colors and marker shapes.
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a.

b.

Figure 2.8. Sample-size and coverage-based rarefaction/extrapolation curves and 95%
confidence limits (ribbons) for wild mammal (squirrel-sized and larger) species richness
(a.) and Shannon diversity (b.) across different levels of domestic cow detection rates at a
site (“No Cow” = green, “0 < Cows/Day ≤ 3” = yellow, “>3 Cows/Day” = red) and
varying number of camera locations at 7 cattle ranches in western Montana from 2017 2020. Solid lines represent interpolated values, colored points represent the actual sample
size and observed richness/diversity, and dotted lines represent the extrapolated values.
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Figure 2.9. Beta estimates for parameters explaining variation in mammal detection rates on trail cameras at 7 cattle ranches in
western Montana from 2017 - 2020. Separate intercepts were estimated for each ranch in the model, depicted by different colors and
marker shapes in the “Intercept” panel. Cattle detection rate (count/day) was modeled as a quadratic form (“Cows/Day” and
“Cows/Day.2”), while other variables were modeled as linear forms (“Tree Cover” = % tree cover within 100 m; “Stream Dist” =
distance to nearest hydrological feature; “Road Dist” = distance to nearest road; “Ruggedness” = ruggedness index with higher values
representing more rugged sites; “Detection” = the distance the trail camera could detect a human-sized mammal). “CowInt” and
“AfterCow” were binary categorical variables representing whether detections occurred during the interval between the first and last
detection of a domestic cow at a site (CowInt), or if the detections occurred after the last detection of a cow (AfterCow). Black dots
represent the mean beta estimate across ranches and error bars represent the 95% credible interval of the estimate. Vertical dotted lines
identify where beta = 0; thus, variable error bars that cross the dotted line did not have strong associations with detection rates. Note:
x-axis scales vary by panel to improve display.
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Figure 2.10. Predicted associations of elk (red), mule deer (green), and white-tailed deer (blue)
detection rates (count/day) with cow detection rates during intervals before cattle were detected
(“Before Cattle Interval”) when the cattle were present (i.e., the interval between the first and last
detection of a cow at a site; “Cow Interval”) and after the last detection of a cow (“After Cow
Interval”) on cattle ranches in western Montana from 2017 - 2020. Error ribbons represent 95%
credible intervals of the prediction.
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a.

b.

c.

d.

e.

f.

g.

h.
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Figure 2.11. Temporal overlap of daily activity patterns of grizzly bears (a.), mountain
lions (b.), coyotes (c.), elk (d.), white-tailed deer (e.), mule deer (f.), Columbian ground
squirrels (g.), and snowshoe hares (h.) during periods when cows were absent (green) and
when cows were present (red) at sites within 7 cattle ranches in western Montana from
2017 - 2020. Gray areas with dashed lines represent the daily activity patterns of
domestic cows. “Rug” marks on the x-axis represent times of actual observations. The pvalue displayed in figures represents the proportion of permutations in which the random
overlap value, obtained via permutation tests (e.g., Niedballa et al. 2019), was ≤ the
observed overlap value between activity patterns of each species at sites when cows were
present and absent.
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Figure 2.12. Beta estimates for parameters explaining variation in probability of nocturnal detections of wild mammal species on trail
cameras located on 7 cattle ranches in western Montana from 2017 - 2020. All variables were modeled as linear forms (“CowRate” =
detection rate (count/day) of domestic cows, “Tree Cover” = % tree cover within 100 m; “Stream Dist” = distance to nearest
hydrological feature; “Road Dist” = distance to nearest road; “Ruggedness” = ruggedness index with higher values representing more
rugged sites, “Date” = mean date of deployment period). Black dots represent the mean beta estimate and error bars represent the 95%
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confidence interval of the estimate. Vertical dotted lines identify where beta = 0, representing no effect. Note: x-axis scales vary by
panel to improve display. Some species were omitted due to wide confidence intervals to improve display.
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Figure 2.13. Predicted probability of nocturnal detections for black bear (a.), mountain
lion (b.), coyote (c.), red fox (d.), northern raccoon (e.), white-tailed deer (f.), American
red squirrel (g.), and snowshoe hare (h.) across domestic cow detection rates at 7 cattle
ranches in western Montana from 2017 - 2020. Solid lines represent the prediction and
error ribbons represent the 95% confidence interval. Note: snowshoe hare (h.) has a
different x-axis scale to improve display.
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3.

CHAPTER 3: SPATIOTEMPORAL PATTERNS IN MAMMAL COMMUNITY
STRUCTURE ALONG AN URBAN-WILD GRADIENT

INTRODUCTION
Urban land use, defined as areas dominated by built elements, including buildings, roads,
and other impervious surfaces, increased by 9,687 km2 per year globally between 1985
and 2015 (Liu et al. 2020) and was projected to increase by a factor of 1.8-5.9 between
2000 and 2100 (Gao and O'Neill 2020). Urbanization can negatively impact the
environment due to fragmentation of natural areas and biotic homogenization (McKinney
2006, Mcdonald et al. 2008) and has contributed to a 100-fold increase in the global
extinction rate over the past century (Ceballos et al. 2015). However, this urban “human
footprint” is not always associated with declines in biodiversity (Belote et al. 2020) and
there is substantial variability in the effects of urbanization on wildlife across cities and
taxa (McKinney 2006, Ives et al. 2016, Santini et al. 2019, Fidino et al. 2020, Magle et al.
2021). Thus, there is a need to identify factors related to coexistence between humans and
wildlife in a variety of urban environments (Grimm et al. 2008, Carter et al. 2012, Gallo
et al. 2017, Tablado and Jenni 2017, König et al. 2020).
Many studies have explored the influence of urbanization on a variety of taxa,
including plants, invertebrates, birds, and small mammals (e.g., McKinney 2008). Largerbodied mammals have received increased attention in recent years, largely due to
advancements in motion-triggered trail cameras (Caravaggi et al. 2017) and the important
ecological and social implications of mammals in urban communities (Soulsbury and
White 2015). Building off environmental gradient theory (Terborgh 1971), recent urban
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research has begun to investigate mammal community response across urban gradients,
facilitating evaluation of non-linear responses to development. Although it is
hypothesized mammal species richness and diversity would be uniformly reduced across
urban gradients, responses have varied considerably across studies, including the
expected negative effects (Saito and Koike 2013, Magle et al. 2021), but also neutral
effects (Magura et al. 2021), and quadratic associations, with peaks in mammal diversity
and abundance in moderately developed areas (e.g., Riem et al. 2012, Ives et al. 2016,
Parsons, Arielle Waldstein et al. 2018, Hansen et al. 2020).
Mammal response to development along gradients also varies by species, given
differences in life history traits (e.g., Santini et al. 2019, Suraci et al. 2021), which could
impact mammal community structure (El‐Sabaawi 2018, Sévêque et al. 2020). For
example, larger-bodied, apex predators may be negatively affected by urbanization
because of conflicts with humans and their dependence on expansive wild spaces (Crooks
2002, Bateman and Fleming 2012, Wang et al. 2015), which could “release”
mesopredators (Soulé et al. 1988, Crooks and Soulé 1999). Conversely, smaller-bodied,
exploitative or adaptive species (Blair 2001) with high reproductive rates (Suraci et al.
2021) may persist in developed areas, due to resource supplementation through direct
feeding or increased primary production from irrigation and fertilization (Fischer et al.
2012, Hansen et al. 2020). Thus, mammal communities might be more diverse in urban
landscapes, yet dominated by synanthropic species (El‐Sabaawi 2018, Sévêque et al.
2020). Alternately, some mammal species may not be affected spatially by human
disturbance, but may change activity patterns, including increasing nocturnality (Gaynor
et al. 2018), to facilitate coexistence with humans in urban environments.
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The variation in effects of urbanization on mammal communities outlined above
might also be related to the size of the city, the level of disturbance in the surrounding
areas, and the history of extirpations or invasive species in the area. Recent research has
found that city-specific landscape-scale and socioeconomic factors, including city
structure and average housing density, may contribute to differentiation in mammal
community responses to urban development (Fidino et al. 2020, Magle et al. 2021).
However, relatively little attention has been paid to other filtering mechanisms, such as
the regional species pool (e.g., Aronson et al. 2016, Lerman et al. 2021) and the breadth
of the gradient sampled. Many urban gradient studies sampled partial gradients (e.g., only
within developed areas), and most sampled regions where part of the native large
mammal community had already been extirpated, thus lacking the species most likely to
be sensitive to disturbance. For example, Magura et al. (2021) suggested the reason they
did not find strong associations between urbanization and species richness and abundance
could have been due to the studies they evaluated being conducted in regions that had
already been significantly impacted by anthropogenic disturbance over time. Further,
gradient studies in regions where apex predators have been extirpated may find altered
spatiotemporal community dynamics, given the reduction in top-down pressure across the
gradient. We need more research on complete gradients that extend across regional
mammal communities that include the full suite of medium-large mammals to fully
quantify how urbanization affects mammal communities (Aronson et al. 2016).
Our goal was to determine how urbanization, which we quantified as housing
density (houses/km2), affected mammal communities across a gradient that extended
from relatively high human development (>1000 houses/km2) to the boundary of

124

designated wilderness areas within 13 km, and where most of the medium-large mammal
community that were present during European expansion, including apex predators such
as mountain lions (Puma concolor), gray wolves (Canis lupus), grizzly bears (Ursus
arctos), and black bears (Ursus americanus), had not been extirpated. More specifically,
our objectives were to identify the effects of housing density on: 1) species-specific
occupancy; 2) site-specific mammal species richness; 3) mammal species richness and
diversity across groups of sites with varying levels of housing development; 4) speciesspecific detection rates; and 5) daily activity patterns. Spatial and temporal patterns could
be due to a variety of biotic and abiotic factors unrelated to housing density (e.g., Frey et
al. 2017, Blanchet et al. 2020), so we also identified the relative importance of
environmental vs. anthropogenic factors on spatiotemporal dynamics. This research will
provide additional understanding of the spatiotemporal effects of urbanization on
mammal communities, which will offer insight into biodiversity conservation and
sustainable coexistence between humans and wildlife in an increasingly populated region.
We hypothesized housing density would be the most important factor driving
spatiotemporal dynamics of mammal communities across the urban-wild gradient.
Specifically, we predicted species richness and diversity would decline from wild to
urban sites, given the large regional species pool, which includes multiple apex predators
and large-bodied mammals (e.g., moose) that may be more sensitive to development
(Suraci et al. 2021). However, within areas of high housing density, we predicted higher
mammal species richness and diversity in natural land use types (i.e., sites primarily
composed of natural vegetation; Nielsen et al. 2014, Gallo et al. 2017). We hypothesized
spatiotemporal responses to development (i.e., housing density) would be species-
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specific, with less apex predator activity in more developed areas (Bateman and Fleming
2012, Wang et al. 2015), which, in combination with increased availability of
anthropogenic food sources, would result in an increase of mesopredators (Prange et al.
2003, Roemer et al. 2009, Iossa et al. 2010). However, we predicted the increase in
mesopredators would not result in a decrease in occupancy or detection rates of prey
species (McCleery et al. 2008) likely due to a surplus of supplementary resources
(Fischer et al. 2012, Hansen et al. 2020). Further, we predicted species that used highly
developed areas would change their daily activity patterns by increasing nocturnal
activity to avoid human interactions (Gaynor et al. 2018).
STUDY AREA
We conducted our study surrounding Missoula, Montana, the second largest city
in Montana, with a population of nearly 75,000 people. The population in Missoula
increased 28.5%, from 57,053 to 73,340 people from 2000 to 2018 (World Population
Review 2018) and it was projected that the Missoula population would increase by
18,000, with a need for 9,000 additional households, by 2035 (Census and Economic
Information Center 2018). Missoula laid at the center of 5 valleys, including the
Bitteroot, Blackfoot, upper Clark Fork, lower Clark Fork, and Mission-Jocko. Within
Missoula city limits were a variety of land cover types, including paved, developed areas;
residential homes; public parks and golf courses with irrigated, maintained lawns;
agricultural lands with hay and/or livestock; and conservation lands, state parks, and
national recreation areas with either coniferous forest, grassland, riparian, or wetland
vegetation types. Surrounding areas included primarily U.S. Forest Service national
forests (within 3 km of the city center) and wilderness areas (within 13 km of the city
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center), with interspersed private lands, state-owned public lands, and non-governmental
organization-owned public lands (e.g, The Nature Conservancy). These lands included a
mixture of coniferous forests, grass/shrublands, and wooded wetlands (Arno 1979);
although the majority of the region was coniferous forests of ponderosa pine (Pinus
ponderosa), western larch (Larix occidentalis), and Douglas-fir (Pseudotsuga menziesii).
Average monthly precipitation was 3.5 cm and average high temperature was 23.3
℃ between May and October in Missoula, MT (U.S. Climate Data 2021). There were 39
mammal species ≥ 150 g in size in the regional species pool within our study area,
including pika (Ochotona princeps), white-tailed jackrabbit (Lepus townsendii),
snowshoe hare (Lepus americanus), mountain cottontail (Sylvilagus nuttallii), beaver
(Castor canadensis), muskrat (Ondatra zibethicus), porcupine (Erethizon dorsatum),
yellow-bellied marmot (Marmota flaviventris), hoary marmot (Marmota caligata),
northern flying squirrel (Glaucomys sabrinus), American red squirrel (Tamiasciurus
hudsonicus), eastern fox squirrel (Sciurus niger), bushy-tailed woodrat (Neotoma
cinerea), Columbian ground squirrel (Urocitellus columbianus), golden-mantled ground
squirrel (Callospermophilus lateralis), gray wolf, coyote (Canis latrans), red fox (Vulpes
vulpes), mountain lion, lynx (Lynx canadensis), bobcat (Lynx rufus), striped skunk
(Mephitis mephitis), wolverine (Gulo gulo), northern river otter (Lontra canadensis),
American marten (Martes americana), fisher (Martes pennanti), short-tailed/longtailed/least weasel (Mustela spp.), mink (Mustela vison), badger (Taxidea taxus), raccoon
(Procyon lotor), black bear, grizzly bear, pronghorn (Antilocapra americana), mountain
goat (Oreamnos americanus), bighorn sheep (Ovis canadensis), moose (Alces alces), elk
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(Cervus canadensis), mule deer (Odocoileus hemionus), and white-tailed deer
(Odocoileus virginianus; Foresman 2012).
METHODS
Field Methods and Data Management
Sample site selection.—We used the Silvis housing density dataset to identify
housing density (houses/km2) within 30 km of Missoula, MT and stratified the study area
into five categories following Hammer et al. (2004) and Parsons et al. (2018): “urban”
(>1,000 houses/km2), “suburban” (>147.048 – 1000 houses/km2), “exurban” (12.64 –
147.047 houses/km2), “rural” (0.51 – 12.63 houses/km2), and “wild” (<0.5 houses/km2).
There was little area designated as “urban” in Missoula (~235 ha), so we grouped this
category with the “suburban” category. We also stratified by land cover types within
housing density strata, including residential yard, open developed area (e.g., golf course),
small natural area (<1 km2 contiguous undeveloped area), and large natural area (>1 km2
contiguous undeveloped area; Vogt et al. 2007). Some of the housing density categories
did not have all land cover types (e.g., there were few residential yards in “wild” areas),
so we did not include these combinations in our sample. Our original objective was to
sample 50 locations within each strata combination for a total of 600 locations. However,
due to logistical constraints and concerns related to Covid-19, we changed our objective
to sample 40 locations within each developmental strata (i.e., total of 160 locations), as
recommended by Kays et al. (2020).
We used a generalized random-tessellation stratified (GRTS) design (Stevens and
Olsen 2004) to identify random locations at least 500 m apart in each strata combination,
using the “spsurvey” package (Kincaid and Olsen 2016) in R (R Core Development
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Team 2021). Our intention was to deploy motion-triggered trail cameras at each location
(see Trail camera setup and data management below); however, given logistical
difficulties deploying trail cameras in suburban and exurban strata, particularly in
residential yards, we attempted to locate households willing to host a trail camera within
~250 m of the random location. Further, we were limited to survey areas without constant
vehicular traffic, as trail camera batteries and storage cards would not function for a
sufficient time. Thus, our sample was representative of the “green” space within the
matrix of roads, parking lots, and buildings (Herrera et al. 2021). Random locations
identified in “suburban” and “exurban” categories were generally closer together than
locations in “wild” and “rural” categories due to the smaller potential sampling area. To
make distances between trail cameras more equitable among housing density categories,
we added a site 500 m in a random direction from each site in “wild” and “rural” areas.
Trail camera setup and data management.—We deployed trail cameras from May
– November 2019 and 2020; although, we deployed most cameras (79%) during 2019
due to risks associated with Covid-19 in 2020. We used Browning Recon Force
Advantage trail cameras set to take 3-picture bursts at approximately 2 pictures/second
each time triggered with 1 second lag time between triggers, 24 hours per day. We set
cameras approximately 50 cm high, parallel to the ground, on the nearest tree or post to
the random location. We pointed cameras in a direction that offered a large field of view
and did not have high human or vehicular traffic (e.g., playgrounds, roads). Before setting
the camera, we used the camera “walk test” function to determine how far the camera
could detect a human-sized mammal by walking back and forth in front of the camera
until we reached a distance it did not detect motion. We let cameras collect data for at
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least 21 days, then moved the camera to a new location to maximize the area sampled
(McShea et al. 2016, Ferreras et al. 2017).
We uploaded pictures from trail cameras into software (eMammal.org) that
grouped pictures taken <60 seconds apart into independent sequences. We identified the
number of unique individuals of each species in each sequence, then reviewed photos to
ensure accuracy and archived at the Smithsonian Digital Repository (McShea et al.
2016). All field methodology was approved through the University of Montana
Institutional Animal Care and Use Committee (protocol identification number: 01518JMWB-031618). We also received special use permits through the City of Missoula;
Montana Fish, Wildlife, and Parks; the U.S. Forest Service, Lolo National Forest; and
The Nature Conservancy to conduct our study.
Analytical Methods
Covariates.—We identified a suite of covariates at both local and landscape
scales that could affect mammal occupancy, detection rates, and daily activity patterns
across the urban-wild gradient. Stein et al. (2015) found that vegetation, topography, and
climatic variation were some of the most important environmental drivers of species
richness worldwide. Thus, we included variables associated with these factors in species
richness, occupancy, and detection rate analyses. While there are a variety of ways to
measure urbanization (e.g., Moll et al. 2019), we chose to use the same measure
(houses/km2) as Parsons et al. (2018), given the similarities between our studies.
Covariates included housing density (houses/km2), distance (m) to hydrologic feature
(e.g., stream; Blake and Loiselle 2018), distance (m) to road (e.g., Vanthomme et al.
2013, Torres et al. 2016), average percent tree cover within 100 m and 1 km, herbaceous
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productivity (kg/ha) within 100 m and 1 km (Huston 1979), a connectivity index (Koen et
al. 2014), and ruggedness (index between 0 and 1; Sappington et al. 2007). We also
included of the date survey and the distance the camera could detect movement as
covariates in occupancy and detection models to account for heterogeneity in detection
abilities across seasons and cameras (Kays et al. 2020).
We acquired hydrologic data from the USGS National Hydrography Database
(Archuleta and Terziotti 2020) and road data from the United States Census Bureau
TIGER/Line shapefile database, then calculated the distance to hydrologic features and
roads across every 30x30 m pixel within our study area using the “Euclidean Distance”
tool in ArcMap 10.8 (Environmental Systems Research Institute, Inc., Redlands, CA).
We acquired tree cover and herbaceous biomass data for 2019 at 30x30 m resolution
from the Rangelands Analysis Platform (Jones et al. 2018, Robinson et al. 2019, Allred et
al. 2021, Jones et al. 2021). We calculated a “vector ruggedness measure” at 30x30 m
resolution using digital elevation models and methods described by Sappington et al.
(2007).
We created a connectivity map across our study area using similar methods
described in Koen et al. (2014). Briefly, using the 2016 National Land Cover Database
(Jin et al. 2019), we created a “cost” surface across the study area in which 90x90 m
pixels with higher intensity of development received higher cost values (i.e., lower
permeability), while pixels with natural vegetation received lower cost values (i.e., higher
permeability). Specifically, highly developed pixels received values of 1,000; pixels with
low development received values of 500; agriculture/pasture pixels received values of
100; and pixels with natural vegetation (grassland, shrub, or forest) received values of 10.
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Further, we added the distance (m) to stream to pixel values, given streams may facilitate
mammal movement (e.g., Dickson et al. 2013, Sánchez‐montoya et al. 2016). We input
25 random nodes around our buffered study area and ran “current” through each of the
600 unique node pairs using Circuitscape (Anantharaman et al. 2020), which uses circuit
theory (McRae et al. 2008) to identify areas with higher relative probabilities of use for
movement.
Before fitting models, we centered and scaled all continuous variables so speciesspecific parameter estimates would be directly comparable. We also determined whether
predictor variables were correlated using Pearson’s correlation coefficient (Pearson 1895)
and removed variables from models if |r| ≥ 0.7 (Dormann et al. 2013). Tree cover within
1 km, productivity within 100 m, productivity within 1 km, and connectivity were highly
correlated with other covariates, so we removed those covariates from the final model,
given preliminary analyses suggested they explained less variation in the response. We
also investigated non-linear forms of predictor variables by fitting single-variable models
with each variable form (linear, quadratic, and pseudothreshold). We determined which
form was most supported using Akaike’s Information Criterion (AIC; Akaike 1973,
Burnham and Anderson 2002) and included the most supported variable form of each
predictor in a global model for each response.
Objective 1: Multispecies occupancy.—We used multispecies hierarchical
occupancy modeling (i.e., hierarchical community model; Dorazio and Royle 2005,
Dorazio et al. 2006, Kéry and Royle 2008) to estimate wild mammal (squirrel-sized or
larger) species-specific occupancy probabilities and detection probabilities as well as sitespecific species richness, given species are often imperfectly detected (MacKenzie et al.
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2002) and associations between environmental or anthropogenic factors and
occupancy/species richness could be biased if imperfect detection is not considered
(McNew and Handel 2015, Tingley et al. 2020). Occupancy models require repeat
surveys to be completed either spatially or temporally to estimate detection probability
(MacKenzie et al. 2002). Thus, we split camera sessions into 7-day “surveys” where each
species detected (i.e., photo taken) within the survey was considered “present” and
received a “1” for that survey, while each species not detected received a “0” for that
survey and was considered either absent or present and not detected. Most cameras were
active for 3-5 weeks, so we truncated the dataset at 35 days, resulting in a maximum of 5
repeat surveys for each camera site.
Spatial and demographic closure is an assumption of occupancy models and this
assumption is almost always violated in camera traps studies, given species are not truly
“available” for detection unless they occur within the “region of detectability” in front of
the camera. Thus, we interpreted occupancy as a metric of “use”, rather than area
occupied, and detection probability as a combination of both the availability for detection
(i.e., whether the mammal was in front of the camera or not) and the ability of the camera
take a photo of the mammal, assuming it was within the region of detectability (Burton et
al. 2015). Further, we considered a “site” as the 1 km2 area surrounding the trail camera,
given that is the maximum scale associated covariates in models.
We modeled multispecies occupancy by defining the “true” occurrence of species
i at site j as a binary variable, Zi,j, that equaled 1 if the species was present at the site and
0 if absent. We assumed Zi,j was the outcome of a Bernoulli random variable, Zi,j ~
Bern(ψi,j), where ψi,j was the probability of occupancy of species i at site j. To account for
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imperfect detection, we assumed the observed “detection histories” of species i at site j
during survey k were also the outcome of a Bernoulli random variable, yi,j,k ~ Bern(pi,j,k *
Zi,j), where pi,j,k was the probability of detecting species i at site j during survey k, which
was fixed to 0 if the species did not occur at the site (i.e., Zi,j = 0).
We hypothesized species-specific occupancy and detection probabilities would
vary by site/survey-level covariates. Thus, we included the covariates outlined above in
occupancy and detection portions of the multispecies occupancy model in a similar
fashion as described in Zipkin et al. (2010). Specifically, we modeled the occupancy
probability intercept (α0i) and covariates associated with occupancy (α1:6i) to vary by
species. We included log-transformed housing density (“HDen”) as a quadratic form and
tree cover within 100 m (“Tree100”), distance to road (“Road”), distance to stream
(“Hydro”), and ruggedness (“Rugged”) as linear forms in the occupancy model:

logit(ψi,j) = α0i + α1i * HDenj + α2i * HDen2j + α3i * Tree100j + α4i *

(Eq. 1)

Roadj + α5i * Hydroj + α6i * Ruggedj

We also estimated species-specific detection probability intercepts (β0i) and included the
date of the middle of the survey period (“Date”) and detection distance of the camera
(“Detection”) as covariates explaining variations in species-specific detection probability:

logit(pi,j,k) = β0i + β1i * Datej,k + β2i * Detectionj
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(Eq. 2)

We related species-specific occupancy and detection probabilities through a
hierarchical design in which each of the occupancy and detection probability parameters
were treated as random variables drawn from hyperparameter distributions. This design is
useful as it improves precision of species-specific estimates and allows occupancy and
detection probabilities of rare species to be estimated that may not be possible using a
single species approach (e.g., Kéry and Royle 2008). We assumed the species-specific
occupancy intercept and slope parameters were drawn from a normal distribution with a
mean μα0:7 and standard deviation 𝜎α0:7: α0:7i ~ N(μα0:7, 𝜎α0:7). We modeled speciesspecific detection probability parameters in the same fashion. We used relatively vague
hyperpriors (μα, μβ ~ N(0, 10); 1/𝜎α2, 1/𝜎β2 ~ gamma(0.1, 0.1)) in models to allow broad
sampling of parameter space (Kéry and Royle 2008).
It is likely that some species available for detection in the community were never
detected, so we included a data augmentation approach in our hierarchical multispecies
occupancy model (Kéry and Royle 2009). To implement the data augmentation
modification, we first added n (number of species observed) all-zero encounter histories
to the dataset so the full dataset, with all-zero encounter histories included, had 2n
species. We modeled the augmented dataset as a zero-inflated version of a model where
the true number of species (N) was observed. Thus, we modified the occurrence process
so that Zi,j ~ Bern(ψi,j * wi), where wi = 1 if the species was “available” (i.e., either
observed or unobserved, but available) and wi = 0 if the species was “unavailable” (i.e.,
unobserved and not available for sampling). We assumed wi was the outcome of a
Bernoulli random variable, wi ~ Bern(Ω), where Ω was the probability a species was
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available for sampling. We used a vague uniform prior for the Ω parameter: Ω ~
uniform(0, 1).
We fit the occupancy model within a Bayesian framework using the R2jags
package (Su and Yajima 2015) in R (R Core Development Team 2021). We estimated
posterior distributions of predictors by running 3 Markov Chain Monte Carlo (MCMC)
chains, each for 100,000 iterations, with a burn-in of 25,000, and thinning of 10. We
determined site-level species richness by summing across each row of the “true”
occurrence matrix (Z) for each iteration and used these values for future species richness
analyses (see below). We identified whether models converged by ensuring

values

were <1.1 (Gelman and Rubin 1992) and by examining posterior distributions and
MCMC chains.
We determined that predictors influenced the response if 95% credible intervals
(between 2.5% and 97.5% quantiles) of posterior distributions of parameter estimates did
not overlap zero. Many parameters are estimated when fitting multi-species models and
the problems with multiple comparisons, including false inference, have long been
known (e.g., Tukey 1953). However, given our primary interest was to identify the
relative effect sizes of parameters, not explicitly reject (or fail to reject) null hypotheses
for each covariate included, and the hierarchical structure of our model largely addressed
the problems associated with multiple comparisons (Gelman et al. 2012), we did not
adjust significance levels of parameter estimates. Rather, we maintained the 95% credible
interval as a “benchmark” to compare the strength of an effect, relative to other
covariates included in the model.
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Objective 2: Site-level species richness.—We identified associations between
camera-level (i.e., site-level) species richness and environmental and anthropogenic
factors using site-level species richness estimates from the multispecies occupancy
model. For each iteration of the MCMC chain, we calculated the Pearson correlation
coefficient (Pearson 1895) between the site-level species richness estimates and each
occupancy covariate described above. Thus, the outcome was a distribution of Pearson
correlation coefficients for each covariate, where we assumed a coefficient distribution
with 95% credible interval (between 2.5% and 97.5% quantile) that did not overlap zero
suggested a significant correlation between site-level richness and the covariate (e.g.,
Magle et al. 2021). This method allowed us to account for the variation in site-level
species richness estimates from the multispecies occupancy model.
Objective 3: Species richness and diversity within developmental strata.—We
used mammal incidence data from camera traps within the 4 developmental strata to
calculate sample-size and coverage-based rarefaction/extrapolation curves and 95%
confidence limits for species richness (diversity order q = 0) and Shannon diversity (i.e.,
effective number of common species; diversity order q = 1) using the iNEXT package in
R (Hsieh et al. 2020). Next, we combined cameras within suburban and exurban
development categories and divided this cohort into 3 land use categories, including
“residential yard”, “open developed”, and “natural”. We did not include rural or wild
development categories in this analysis, given most cameras in these development strata
were in “natural” areas. We calculated sample-size and coverage-based
rarefaction/extrapolation curves based on these land use categories using the same
methods outlined above.
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We used rarefaction/extrapolation methods to estimate group-level species
richness, given the difficulty in interpreting community-level asymptotic species richness
estimates when including spatial covariates in multi-species occupancy models (Kéry and
Royle 2009). Further, multiple diversity metrics can be estimated using the iNEXT
package, which allowed us to identify whether housing development affected the
evenness of species incidence rates across sites, even if there were no differences in
species richness.
Objective 4: Mammal detection rate and multispecies Poisson count model.—
Responses in occupancy models are binary (i.e., presence/absence or detection/nondetection; MacKenzie et al. 2002). Thus, we also evaluated mammal detection rates in
response to housing density, given housing density could affect mammal use of a site,
without affecting mammal presence (e.g., mammal species presence, but lowered
abundance or activity). We calculated mammal detection rate by counting the number of
each species detected on a camera in each sequence and dividing by the number of days
the camera was active. Then, we calculated the mean and standard deviation of detection
rates, grouping by development strata. We included all cameras active 14 – 60 days for
this analysis.
To identify finer-scale effects of environmental and anthropogenic factors on
mammal use and activity, we fit a multispecies Poisson count model with 16 of the most
commonly detected species across trophic levels, including American red squirrel,
eastern fox squirrel, mountain cottontail, snowshoe hare, elk, moose, mule deer, whitetailed deer, striped skunk, northern raccoon, red fox, coyote, bobcat, mountain lion, gray
wolf, and black bear. We hypothesized species-specific detection rates would vary by
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site-level covariates (λi,j). Thus, we included the covariates outlined above as predictor
variables and species-specific counts as the response variable in the multispecies Poisson
model. We also included an extra error term (epsi,j) in the model to account for
overdispersion and included an offset term (offsetj) equivalent to the natural log of the
number of days the camera was active:

log(λi,j) = β0i + β1i * HDenj + β2i * HDen2j + β4i * Tree100j + β5i *

(Eq. 3)

Roadj + β6i * Hydroj + β7i * Ruggedj + β8i * Datej + β9i * Detectionj +
log(offsetj) + epsi,j

We related species-specific detection rates through a hierarchical design in which
each of the detection rate parameters were treated as random variables drawn from
hyperparameter distributions. We assumed the species-specific detection intercept and
slope parameters were drawn from a normal distribution with a mean μβ0:9 and standard
deviation 𝜎β0:9: β0:9i ~ N(μβ0:9, 𝜎β0:9). We used relatively vague hyperpriors (μβ ~ N(0,
10); 1/𝜎β2 ~ gamma(0.1, 0.1)) in models to allow broad sampling of parameter space
(Kéry and Royle 2008).
We fit the Poisson model within a Bayesian framework using the R2jags package
(Su and Yajima 2015) in R. We estimated posterior distributions of predictors by running
3 Markov Chain Monte Carlo (MCMC) chains, each for 250,000 iterations, with a burnin of 25,000 and thinning of 10. We assumed predictors had a strong influence on the
response if 95% credible intervals (between 2.5% and 97.5% quantiles) of posterior
distributions of parameter estimates did not overlap zero. We identified whether models
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converged by ensuring

values were <1.1 (Gelman and Rubin 1992), and used posterior

predictive checks to calculate a Bayesian p-value (

) to assess model fit, assuming 0.1

0.9 represented adequate fit (Gelman et al. 2014).
Objective 5: Daily activity patterns.—We used photo time stamps to identify
daily activity patterns of species across the urban-wild gradient. To increase sample size
in development categories, we grouped all cameras within housing densities <12.63
houses/km2 in a “wild/rural” category, and all cameras within housing densities >12.63
houses/km2 in a “suburban/exurban” category. We calculated probability density
distributions of time stamps for at least one species from each trophic group that had
sufficient locations (>10) within each development category using the non-parametric
kernel density estimation procedure (Ridout and Linkie 2009). We calculated the overlap
of species-specific activity patterns between development categories using the “overlap”
package (Ridout and Linkie 2009) in R to identify whether activity patterns were affected
by development. We assumed overlap values close to 1 suggested activity patterns did
not change across development categories, while values closer to 0 suggested activity
patterns changed.
Overlap values <1 could be due to random chance, rather than true changes in
activity patterns. To identify whether there were significant differences in activity
patterns across developmental categories, we conducted a permutation test described in
Niedballa et al. (2019). First, we randomized development category values (1 for
“wild/rural”; 0 for suburban/exurban”) for each detection of a species by running a
Bernoulli trial with the probability of “success” equal to the proportion of real detections
in the “rural/wild” category (so the simulated data would have similar sample sizes in
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each development category). Then, using these simulated development category values,
we created probability density distributions for each category and calculated the amount
of overlap using methods described above. We repeated this procedure 1,000 times to
identify a distribution of overlap values that occurred at random. To calculate the
probability the observed, empirical overlap value was random (i.e., not lower than
random permutations), we used the equation:
(Eq. 4)

where

is the overlap value of permutation i;

is the overlap value of the

observed, empirical dataset; I is an indicator variable taking a value of 1 if true and 0 if
false; and n is the total number of permutations (Niedballa et al. 2019). We assumed pvalues ≤ 0.025 represented a “significant” shift in activity patterns across developmental
categories.
To test whether mammal species became more nocturnal across the urban-wild
gradient, due to the increased, primarily diurnal activity of humans, we fit speciesspecific logistic models with a binary response representing whether a species detection
was at night (30 minutes after sunset – 30 minutes before sunrise; “1”) or during the day
(30 minutes before sunrise – 30 minutes after sunset; “0”). We included housing density
and other spatial (tree cover, distance to hydrologic feature, distance to road, ruggedness)
and temporal (date) covariates outlined above as predictors in the model to identify
whether changes in the probability of nocturnal detections were related to housing density
or other environmental/anthropogenic factors. We used the glm() function with a
binomial family and logit link in Program R to fit models and the “ggeffects” package
(Lüdecke 2018) to plot model predictions. We assumed a significance level of α ≤ 0.05,
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so we considered predictor variables with 95% confidence limits that did not overlap 0 as
statistically significant.
RESULTS
We deployed 54 cameras in suburban areas for 1,847 trap nights (653,367 photos); 39
cameras in exurban areas for 1,934 trap nights (294,082 photos); 40 cameras in rural
areas for 2,175 trap nights (294,614 photos); and 45 cameras in wild areas for 2,807 trap
nights (175,749 photos; Figure 3.1). Average housing density at camera locations was
491.63 houses/km2 in suburban areas, 60.85 houses/km2 in exurban areas, 3.38
houses/km2 in rural areas, and 0.09 houses/km2 in wild areas. Across developmental
strata, we sampled 39 residential yards (1,368 trap nights), 21 “open developed” sites
(656 trap nights), 61 “small natural” sites (3,497 trap nights), and 57 “large natural” sites
(3,243 trap nights).
We detected 22 unique wild mammal species ≥ 150 g (squirrel-sized and larger)
across the urban-wild gradient, as well various small weasels (long-tailed weasel
[Mustela frenata], short-tailed weasel [Mustela erminea], least weasel [Mustela nivalis])
and small rodents (mice and chipmunks; Figure 3.2). Suburban sites had the highest
overall wild mammal detection rates ( = 5.07 individuals/day, standard deviation [SD] =
8.10), while wild areas had the lowest overall wild mammal detection rates ( = 0.84
individuals/day, SD = 0.75; Figure 3.2). Proportion of detections within housing
development strata varied greatly across species, with some species mostly detected in
wild/rural areas (e.g., moose, snowshoe hare, mountain lion), others mostly detected in
suburban/exurban areas (e.g., eastern fox squirrel and northern raccoon), and some
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detected relatively evenly across developmental strata (e.g., black bear and striped skunk;
Figure 3.3).
Objective 1: Multispecies occupancy.— We included data from 172 trail cameras
(52 suburban, 39 exurban, 36 rural, 45 wild) in the multispecies occupancy model, which
had good convergence, with all

values < 1.1 and low levels of autocorrelation. Mean

occupancy probability across species was

= 0.12 (SD = 0.20) and ranged from =

0.00043 (95% credible interval [CI] = 0.0000061 – 0.010) for moose and

= 0.86 (CI =

0.77 – 0.92) for white-tailed deer. Mean detection probability across species was
(SD = 0.18) and ranged from

= 0.093 (CI = 0.018 – 0.30) for gray wolf and

= 0.34

= 0.77

(CI = 0.74 – 0.81) for white-tailed deer.
Housing density had the strongest effects on occupancy probability (Figure 3.4).
Occupancy probabilities of larger-bodied mammals (e.g., apex predators and most
ungulates) and dominant mesopredators (e.g., bobcat and coyote) had strong, generally
negative associations with housing density, ranging from α = -3.36 (CI = -5.21 – -1.86)
for elk to α = -0.96 (CI = -1.99 – -0.023) for coyotes. For example, the predicted
probability of occupancy for elk dropped from = 0.42 (CI = 0.22 – 0.70) to = 0.00010
(CI = 0.00000085 – 0.0034) when going from a housing density of 0 houses/km2 to ~700
houses/km2. Subordinant mesopredators had either weak (e.g., red fox and striped skunk)
or strong positive associations (e.g., northern raccoon; αLinear = 1.90 [CI = 0.92 – 3.04],
αQuadratic = -0.59 [CI = -1.2 – -0.052]) with housing density. For example, the predicted
probability of occupancy of northern raccoons increased from = 0.0096 (CI = 0.00088 –
0.055) to = 0.70 (CI = 0.36 – 0.92) when going from a housing density of 0 houses/km2
to ~700 houses/km2. Occupancy probabilities of rodents and lagomorphs had varying
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associations with housing density; Eastern fox squirrels had strong positive associations
(αLinear = 3.52, CI = 2.21 – 5.10; αQuadratic = -0.29, CI = -0.89 – 0.37), while American red
squirrels (αLinear = -1.57, CI = -2.52 – -0.70, αQuadratic = -0.54, CI = -0.90 – -0.20) and
snowshoe hares (αLinear = -2.42, CI = -4.27 – -0.71, αQuadratic = -0.31, CI = -0.80 – 0.19)
had strong negative associations (Figure 3.4).
Environmental factors generally did not have as strong of associations with
species occupancy as housing density. Occupancy probability of black bears, elk, whitetailed deer, snowshoe hares, and American red squirrels had positive associations with
tree cover within 100 m; and red fox had negative associations with distance to stream
(Figure 3.4). However, all these associations were less impactful on occupancy (i.e.,
smaller parameter estimates) than housing density.
Detection probability of most species was not strongly associated with date or
detection distance. However, elk had a higher probability of being detected earlier in the
season (β = -0.41, CI = -0.80 – -0.050) and at cameras that had longer detection distances
(β = 0.62, CI = 0.15 – 1.13). Red fox also had a higher probability of being detected at
cameras with longer detection distances (β = 0.37, CI = 0.052 – 0.71; Figure 3.5).
Objective 2: Site-level species richness.—Estimated site-level species richness
varied from 0 (CI = 0 – 1) to 12 (CI = 11 – 14) and was ~1 species higher than the
observed richness, on average. Site-level species richness had strong correlations with all
site-level variables; however, housing density and tree cover within 100 m had the
strongest correlations (Figure 3.6). Housing density had a negative correlation with sitelevel species richness (r = -0.49, CI = -0.66 – -0.37), while tree cover had a positive
correlation (r = 0.45, CI = 0.36 – 0.53).
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Objective 3: Species richness and diversity within developmental strata.—There
were large differences in species richness and diversity when comparing across the
housing development strata. Species richness and Shannon diversity dropped as housing
density increased, with wild strata having nearly twice the number of species (species
richness = 20.1 [CI = 20.0 – 22.5] in wild; species richness = 11.1 [CI = 11.0 – 13.9] in
suburban) and over twice the Shannon diversity (Shannon diversity = 14.0 [CI = 13.3 –
15.6] in wild; Shannon diversity = 6.0 [CI = 5.8 – 6.9] in suburban) as suburban strata
(Figure 3.7). Within suburban and exurban housing development strata, natural areas had
higher species richness (species richness = 17.4, CI = 13.5 – 52.8) and Shannon diversity
(Shannon diversity = 9.2, CI = 8.5 – 10.6) than residential yards (species richness = 8.0,
CI = 8.0 – 9.7; Shannon diversity = 5.7, CI = 5.5 – 6.5) and open developed areas
(species richness = 9.9, CI = 8.2 – 29.1; Shannon diversity = 6.1, CI = 5.6 – 7.5; Figure
3.8).
Objective 4: Mammal detection rate and multispecies Poisson count model.—The
multispecies Poisson model had good convergence, with all
fit (

values < 1.1, and adequate

= 0.28). Mean predicted detection rate across species was

and ranged from

= 0.034 (SD = 0.13)

= 2.82 * 10-6 (CI = 5.25 * 10-8 – 6.22 * 10-5) for moose and

= 0.52

(CI = 0.28 – 0.93) for white-tailed deer.
Associations between covariates and species-specific detection rates were similar
to occupancy associations, with housing density being the most influential factor
affecting detection rates (Figure 3.9). Apex predators, dominant mesopredators, and most
ungulates (with the exception of white-tailed deer) had highest predicted detection rates
in wild and rural areas; subordinate mesopredators had highest predicted detection rates
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in exurban or suburban areas; and rodents/lagomorphs had detection rate peaks in
different levels of housing density, depending on the species (Figure 3.10). The main
difference between occupancy and detection rate results occurred with white-tailed deer,
red fox, and mountain cottontails, whose occupancy probabilities had no associations
with housing density, but detection rates had strong positive associations with housing
density.
Objective 5: Daily activity patterns.—All species demonstrated at least minor
shifts in daily activity patterns between development categories, but only a few had
strong changes. Black bears, white-tailed deer, and mule deer had the largest differences
in activity patterns between wild/rural and suburban/exurban development categories,
with 71% (p-value < 0.001), 80% (p-value < 0.001), and 65% (p-value < 0.001) overlap,
respectively (Figure 3.11). Northern flying squirrels also showed strong changes in
patterns, with only 66% overlap (p-value = 0.019) between activity patterns in
development categories. Coyotes (overlap = 77%, p-value = 0.034), red foxes (overlap =
87%, p-value = 0.073), and American red squirrels (overlap = 89%, p-value = 0.033)
displayed some change in activity patterns between wild/rural and suburban/exurban
development categories, but these changes were not as strong as black bears and whitetailed deer. Striped skunk activity patterns did not change across developmental
categories (overlap = 84%, p-value = 0.42; Figure 3.11).
Increasing housing density was related to increasing nocturnality for most species;
although, only black bears (β = 1.24, CI = 0.67 – 1.82) and white-tailed deer (β = 0.23, CI
= 0.19 – 0.28) had significant positive associations (Figure 3.12). For example, the
predicted probability of nocturnal detections of black bears increased from 0.15 (CI:
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0.096 – 0.22) to 1.00 (CI = 0.99 – 1.00) when housing density increased from 0
houses/km2 to 1000 houses/km2 (Figure 3.13). Nocturnal activity of red fox, northern
raccoon, and American red squirrel was negatively associated with housing density, but
only red fox had significant negative associations (β = -0.32, CI = -0.59 – -0.061; Figure
3.12). For example, the predicted probability of nocturnal detections of red fox decreased
from 0.84 (CI: 0.79 – 0.88) to 0.47 (CI = 0.18 – 0.75) when housing density increased
from 0 houses/km2 to 1000 houses/km2 (Figure 3.13). Environmental variables were also
important predictors of nocturnality for some species. Elk were less nocturnal when there
was more tree cover (β = -0.45, CI = -0.71 – -0.19); white-tailed deer (β = 0.11, CI =
0.076 – 0.15) and northern raccoons (β = 0.62, CI = 0.096 – 1.14) were less nocturnal
closer to streams; and white-tailed deer (β = -0.35, CI = -0.39 – -0.30) and elk (β = -0.39,
CI = -0.61 – -0.16) were more nocturnal in less rugged areas (Figure 3.12).
DISCUSSION
We found strong spatiotemporal changes in mammal communities across an urban-wild
gradient that spanned a region with a species pool including nearly all mid-large mammal
species that were present during European expansion. Within each metric we analyzed
(occupancy, species richness/diversity, detection rates, and temporal patterns), we
observed strong species-specific and community-level changes across the gradient. Our
research is further evidence of the potential impacts of housing density on mammal
communities, but is novel in documenting mammal community structure changes across
a complete urban-wild gradient, relative to other biotic and abiotic factors, and it provides
insight into how spatiotemporal changes in activity, including shifts in diel patterns, may
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facilitate coexistence between humans and wildlife, which will be useful knowledge for
promoting biodiversity in and around urban areas.
As we predicted, species richness and diversity declined with increasing housing
density, both at the site level and development strata level. This result contrasts with
other gradient studies that either found no effects of urban development on mammal
species richness or abundance (Magura et al. 2021), or found peaks in species richness
and diversity in moderate levels of development (e.g., Riem et al. 2012, Parsons et al.
2018). These differences could be related to differences in average housing densities or
city configuration across studies. Fidino et al. (2020) reported that cities with mean
housing densities of >710 houses/km2 had consistent declines in species richness with
increasing housing densities, but cities with mean housing densities ≤710 houses/km2
often had no change or increases in species richness with increasing housing densities.
Our study site had an average housing density of ~492 houses/km2 in the suburban
development strata (the highest development area in our study). Yet, we observed sitespecific species richness declines with increasing housing density, even in the most
developed areas (e.g., Figure 3.6). This result could be explained by the relatively low
proportion of natural areas within the suburban region of our study area (~12%), which
had the highest species richness among urban land uses. Natural areas within the urban
matrix can be “hotspots” for biodiversity, but may be negatively impacted by isolation
effects if connectivity among patches is limited (Nielsen et al. 2014, Beninde et al. 2015).
While it was not the objective of our study, a more detailed analysis of “green” patch
dynamics within our study area may offer insight into local-scale factors driving
biodiversity in the urban matrix.
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We propose that another important factor driving differences in urbanizationrichness relationships between our study and others were the differences in regional
species pools. Aronson et al. (2016) suggested the regional species pool, determined by
long-term climate, biogeographical, and land use factors (e.g., Foster et al. 2003), is a
major determinant of city and local species pools. Our regional species pool contained 39
terrestrial wild mammal species ≥ 150 g, of which we detected 22, including 7 largebodied species (>30 kg), which are usually more sensitive to urban development (e.g.,
Suraci et al. 2021). This is the largest number of species we have seen in the literature
across a single urban gradient in North America. In comparison, Parsons et al. (2018)
detected 13 species across their gradient, 2 of which were >30 kg (white-tailed deer and
black bear) and only 2 of which are considered sensitive to human development (black
bear and bobcat). Most urban gradient studies have occurred where some humansensitive, specialist species have already been extirpated, or greatly reduced, from the
regional species pool, leaving mostly human-tolerant, generalist species. Surprisingly,
few studies have considered the regional species pool as a factor explaining mammal
community responses to urbanization. Thus, we recommend future multi-city studies
consider regional species pool factors (e.g., number of potential species in the region,
body size, life history traits) when evaluating community responses to urbanization.
In addition to species richness and diversity, we also observed large changes in
mammal community structure across the urban-wild gradient, with spatial partitioning,
potentially mediated by housing density, occurring among species and trophic groups.
Apex predators and large-bodied mammals, with exception of white-tailed deer, were
more likely to occupy and had higher detection rates in wild and rural regions,

149

presumably due to their dependence on large, unfragmented spaces, and to avoid negative
interactions with humans (Crooks 2002, Ordeñana et al. 2010, Bateman and Fleming
2012, Wang et al. 2015). In contrast, white-tailed deer and most mesopredators, with
exception of bobcats, had higher detection rates in moderate or high levels of
development. The abundance of these species in more developed landscapes could be due
to the reduction of apex predators, akin to the “human shield” (Berger 2007, Geffroy et
al. 2020) and “mesopredator release” (Soulé et al. 1988, Crooks and Soulé 1999, Prugh et
al. 2009) hypotheses. Alternatively, these species could be exploiting the abundance of
anthropogenic resources found within urban landscapes (Faeth et al. 2005, Rodewald et
al. 2011). While we do not know the ultimate cause, we suggest these “top-down” and
“bottom-up” effects are not mutually exclusive and are likely both contributing to the
responses we observed (e.g., Fischer et al. 2012).
Rodent and lagomorph responses to housing density varied by species, which was
not surprising, given the differences in life history strategies among species. Snowshoe
hares and American red squirrels have more specialized habitat requirements, typically
preferring dense conifer forests. In contrast, eastern fox squirrels, an introduced species
in Montana, and mountain cottontails are generalists and known urban exploiters
(Foresman 2012). While we could find no other urban-wild gradient research that
included snowshoe hare, our results for American red squirrel, eastern fox squirrel, and
cottontail generally match the findings of other studies (e.g., Magle et al. 2021).
In addition to changes in mammal distribution, our research demonstrated that
some mammals, primarily those that were at least partially diurnal and had high spatial
overlap with housing development, exhibited strong changes in daily activity patterns
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across the urban-wild gradient, which supports recent findings of increased wildlife
nocturnality due to urbanization (Gaynor et al. 2018). Black bears, which had strong
negative spatial associations with housing density in our study, became almost
exclusively nocturnal when using suburban/exurban areas, presumably to exploit the
numerous anthropogenic resources (e.g., fruit trees) while limiting human interactions.
White-tailed deer, which had positive spatial associations with housing development, also
shifted to more nocturnal activity while in suburban/exurban regions, which suggests
even urban exploiters may adjust behavior to limit interactions with humans. Other
research found similar plasticity in behavior of black bears (Zeller et al. 2019) and
ungulates (e.g., Kilgo et al. 1998, Doormaal et al. 2015) in response to human pressures,
and this plasticity in behavior likely plays a role in urban adaptation among multiple
species (Santini et al. 2019).
Interestingly, we found evidence of red fox decreasing nocturnal behavior with
increasing housing density. This result could be an example of a “temporal human
shield”, where red fox decreased nocturnal activity to reduce interactions with
competitors/predators (e.g., coyotes; Gosselink et al. 2003) that became slightly more
nocturnal in urban areas. Moll et al. (2018) found that red foxes may have avoided
coyotes via spatial niche partitioning, but did not find evidence of temporal partitioning,
given both species were highly nocturnal in their study. We could not find other studies
with this same result; thus, we are unsure of the mechanism behind this relationship. The
temporal shifts in activity patterns we observed within urban areas may reduce the niche
space among interacting species, which could have a variety of demographic
consequences (Gaynor et al. 2018, Sévêque et al. 2020). Without evaluating fine-scale
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spatiotemporal interactions or species fitness, we cannot conclude what individual- or
population-level effects these temporal shifts may incur, but these could be useful
avenues for future research.
As human populations increase and more land is developed, it is important to
understand what factors are associated with biodiversity in and around urban spaces. Our
research demonstrates that spatiotemporal dynamics of mammals are significantly altered
by urbanization. While we found mammals will inhabit natural areas within developed
areas, these areas were still limited to relatively few, urban-adapted species. White-tailed
deer, raccoons, fox squirrels, and mountain cottontails may exploit and thrive in urban
areas, while species like gray wolves and moose are unlikely to ever persist within urban
environments. However, many species, including black bears, coyotes, and red foxes,
while sensitive to urban development, have found ways to coexist with humans via
temporal changes in activity patterns. We found even small increases in housing density
resulted in lower species richness and altered mammal communities. Thus, the key to
maintaining biodiversity may be to promote connectivity through developed areas
(Beninde et al. 2015), minimize “urban sprawl” (Bhatta 2010, Villaseñor et al. 2016), and
maintain wild, unaltered spaces.
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FIGURES

Figure 3.1. Locations of trail cameras across housing development strata (“suburban” =
red, “exurban” = yellow, “rural” = blue, “wild” = green) surrounding Missoula, MT in
2019 and 2020. Basemap is the ESRI World Topographic Map.
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a.

b.

Figure 3.2. Relative abundance (count/day) of wild mammal species on trail cameras (a.)
and where species were lost (red lettering) and gained (green lettering) across
developmental strata (b.) surrounding Missoula, MT in 2019 and 2020.
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Figure 3.3. Proportion of detections of wild and domestic mammals on trail cameras
across housing development strata (“suburban” = red, “exurban” = yellow, “rural” = blue,
“wild” = green) surrounding Missoula, MT in 2019 and 2020. Numbers at the base of
bars represent the species-specific count (i.e., number of unique individuals detected in
each photo sequence, defined as all photos taken within 60 seconds of the previous photo,
summed across sequences).
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Figure 3.4. Parameter estimates for factors explaining variation in mammal species occupancy probability at trail camera locations
across the urban-wild gradient surrounding Missoula, MT in 2019 and 2020. Log-transformed housing density was modeled as a
quadratic form (“HDensity” and “HDensity_q”), while other variables were modeled as linear forms (“Psi_Int” = intercept of the
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occupancy part of the model; “Tree Cover” = % tree cover within 100 m; “Stream Dist” = distance to nearest hydrological feature;
“Road Dist” = distance to nearest road; “Ruggedness” = ruggedness index with higher values representing more rugged sites). Black
dots represent the mean beta estimate and error bars represent the 95% credible interval of the estimate. Vertical dotted lines identify
where beta = 0; thus, variable error bars that cross the dotted line did not have strong associations with occupancy probability. Note: xaxis scales vary by panel to improve display.
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Figure 3.5. Beta estimates for parameters explaining variation in mammal detection
probability at trail camera locations across the urban-wild gradient surrounding Missoula,
MT in 2019 and 2020. “Date” represents the mid-point date of the 7-day survey period
and “Detection Distance” represents the distance at which the trail camera could detect a
human-sized mammal. Black dots represent the mean beta estimate and error bars
represent the 95% credible interval of the estimate. Vertical dotted lines identify where
beta = 0; thus, variable error bars that cross the dotted line did not have strong
associations with detection probability. Note: x-axis scales vary by panel to improve
display.
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a.

b.

c.

d.

Figure 3.6. Correlations of housing density (“HDensity”), distance to stream (“Hydro”),
distance to road (“Road”), ruggedness index (“Rugged”), and tree cover within 100 m
(“Tree100”) with site-level wild mammal (squirrel-sized and larger) species richness at
trail camera locations surrounding Missoula, MT in 2019 and 2020. Correlation values in
figure a. are Pearson correlation coefficients, calculated for each iteration of the Markov
chain Monte Carlo from a multispecies occupancy model. Markers in figure a. represent
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the 50% quantile of correlations, and error bars represent the 95% credible interval (2.5%
- 97.5% quantiles) of correlations. Median site-specific richness values are shown across
natural log of housing density (b.), tree cover (c.), and distance to stream (d.). Black lines
and grey error ribbons represent the best fit line and 95% confidence interval through the
richness values; estimated using a generalized linear model with a Poisson family.
Background colors in figure b. represent the housing development strata (red =
“suburban”, yellow = “exurban”, blue = “rural”, and green = “wild”).
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a.

b.

Figure 3.7. Sample-size and coverage-based rarefaction/extrapolation curves and 95%
confidence limits (ribbons) for wild mammal (squirrel-sized and larger) species richness
(a.) and Shannon diversity (b.) across housing development strata (“suburban” = red,
“exurban” = yellow, “rural” = blue, “wild” = green) and varying number of camera
locations surrounding Missoula, MT in 2019 and 2020. Solid lines represent interpolated
values, colored points represent the actual sample size and observed richness/diversity,
and dotted lines represent the extrapolated values.
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a.

b.

Figure 3.8. Sample-size and coverage-based rarefaction/extrapolation curves and 95%
confidence limits (ribbons) for wild mammal (squirrel-sized and larger) species richness
(a.) and Shannon diversity (b.) across land use categories (residential yard = red, open
developed (e.g., golf course) = green, natural = blue) within suburban and exurban
development strata surrounding Missoula, MT in 2019 and 2020. Solid lines represent
interpolated values, colored points represent the actual sample size and observed
richness/diversity, and dotted lines represent the extrapolated values.
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Figure 3.9. Beta estimates for parameters explaining variation in detection rate of wild mammal species on trail cameras located across
the urban-wild gradient surrounding Missoula, MT in 2019 and 2020. Log-transformed housing density was modeled as a quadratic
form (“Housing density” and “Housing Density_q”), while other variables were modeled as linear forms “Tree Cover” = % tree cover
within 100 m; “Stream Dist” = distance to nearest hydrological feature; “Road Dist” = distance to nearest road; “Ruggedness” =
ruggedness index with higher values representing more rugged sites). Black dots represent the mean beta estimate and error bars
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represent the 95% credible interval of the estimate. Vertical dotted lines identify where beta = 0; thus, error bars that cross the dotted
line did not have strong associations with detection rates. Note: x-axis scales vary by panel to improve display.
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a. Apex predators

b. Mesopredators

c. Ungulates

d. Rodents/Lagomorphs
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Figure 3.10. Predicted associations of apex predator (black bear, mountain lion, gray wolf; a.), mesopredator (bobcat, coyote, northern
raccoon, striped skunk, red fox; b.), ungulate (elk, moose, mule deer, white-tailed deer; c.), and rodent/lagomorph (American red
squirrel, eastern fox squirrel, mountain cottontail, and snowshoe hare; d.) detections with log-transformed housing density surrounding
Missoula, MT in 2019 and 2020. Error ribbons represent 95% credible intervals of the prediction. Background colors represent the
housing development strata (red = “suburban”, yellow = “exurban”, blue = “rural”, and green = “wild”). Note: there are secondary yaxes on different scales for northern raccoons, white-tailed deer, and eastern fox squirrels in figures b., c., and d., respectively.
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Figure 3.11. Temporal overlap of daily activity patterns of black bears (a.), coyote (b.),
red fox (c.), striped skunk (d.), white-tailed deer (e.), mule deer (f.), American red
squirrel (g.), and northern flying squirrel (h.) in wild/rural (green) and suburban/exurban
(red) housing development surrounding Missoula, MT in 2019 and 2020. Gray areas with
dashed lines represent the daily activity patterns of humans. “Rug” marks on the x-axis
represent times of actual observations. The p-value displayed in figures represents the
proportion of permutations in which the random overlap value, obtained via permutation
tests (e.g., Niedballa et al. 2019), was ≤ the observed overlap value between activity
patterns of each species in wild/rural vs. suburban/exurban areas.
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Figure 3.12. Beta estimates for parameters explaining variation in probability of nocturnal detections of wild mammal species on trail
cameras located across the urban-wild gradient surrounding Missoula, MT in 2019 and 2020. All variables were modeled as linear
forms (“HDensity” = housing density [houses/km2], “Tree Cover” = % tree cover within 100 m; “Stream Dist” = distance to nearest
hydrological feature; “Road Dist” = distance to nearest road; “Ruggedness” = ruggedness index with higher values representing more
rugged sites, “Date” = mean date of deployment period). Black dots represent the mean beta estimate and error bars represent the 95%
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confidence interval of the estimate. Vertical dotted lines identify where beta = 0, representing no effect. Note: x-axis scales vary by
panel to improve display. Some species were omitted to improve display (wide confidence intervals).
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Figure 3.13. Predicted probability of nocturnal detections for black bear (a.), mountain
lion (b.), coyote (c.), red fox (d.), northern raccoon (e.), white-tailed deer (f.), American
red squirrel (g.), and snowshoe hare (h.) across a gradient of housing density
(houses/km2) surrounding Missoula, MT from 2019 – 2020. Solid lines represent the
prediction and error ribbons represent the 95% confidence interval. Note: mountain lion
(b.) and snowshoe hare (h.) have different x-axis scales to improve display.
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4.

CHAPTER 4: DOES USE OF BACKYARD RESOURCES EXPLAIN THE
ABUNDANCE OF URBAN WILDLIFE?

INTRODUCTION
Urbanization is increasing globally, with 55% of the world's population currently living
in urban areas, 68% projected to live in urban areas in the year 2050 (United Nations,
Department of Economic and Social Affairs, Population Division 2017), and urban land
use expanding 9,687 km2 per year between 1985 and 2015 (Liu et al. 2020). Urban areas
are often viewed as being biodiversity deserts, largely due to the negative impacts of
urbanization on the environment (McKinney 2006, Mcdonald et al. 2008), including
land-use and land-cover change (Foley et al. 2005), altered biogeochemical cycles,
increased CO2 emissions driving climate change, and changes in wildlife abundance,
distribution, and community composition (Grimm et al. 2008).
While urbanization is clearly contributing to biodiversity loss, certain wildlife
assemblages, sometimes including sensitive and threatened species, are paradoxically
found to be more diverse and abundant in moderately developed areas than in wild areas
(e.g., Ives et al. 2016, Parsons et al. 2018). Even some large carnivores, often thought to
avoid urban areas, have been found to exploit resources associated with urbanization
(Bateman and Fleming 2012). One explanation for the abundance of urban wildlife is that
moderate levels of disturbance may result in a heterogeneous landscape that can support
both good competitors and good colonizers (i.e., the intermediate disturbance hypothesis;
Grime 1973, Connell 1978). Another explanation suggests that altered interspecific
interactions among synanthropic and urbanophobic species may allow more species to
thrive in urban areas (El‐Sabaawi 2018). For example, the decline of some apex predators
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in urban areas (e.g., Ordeñana et al. 2010) could reduce the contribution of top-down
control in structuring ecological communities, thereby “releasing” mesopredators
(Crooks and Soulé 1999) and subsequently depressing prey species (e.g., rodents and
lagomorphs). However, prey species are also often abundant in urban areas, resulting in a
“predation paradox” that could be explained by the “human shield” hypothesis (Berger
2007), where prey species exploit areas dominated by humans to avoid predators, or by
the abundance of anthropogenic resources in urban areas, which provide food and shelter
to wildlife in multiple trophic levels (Faeth et al. 2005, Rodewald et al. 2011, Fischer et
al. 2012).
Urban areas house a diversity of resources for wildlife, including intentional food
sources (e.g., feeders), unintentional food sources (e.g., gardens, compost piles, chicken
coops), water, and shelter (e.g., brushpiles). These resources are often located in
residential yards, which form a mosaic of small, independently-managed green spaces
throughout urban landscapes (Gaston et al. 2013). For example, it was estimated that over
47 million people spent approximately $4.85 billion on birdseed and food for other
wildlife in the United States in 2016 (U.S. Department of the Interior et al. 2018).
Further, 35% of all households in the United States spent $3.5 billion on vegetable
gardening in 2013, with the number of participants increasing annually (National
Gardening Association 2014).
Wildlife use of urban resources has been extensively studied in the avian
community (e.g., Cannon et al. 2005, Daniels and Kirkpatrick 2006, Fuller et al. 2008,
Goddard et al. 2010), but relatively little is known about how urban resources affect
mammal communities. Reed and Bonter (2018) found that birdfeeders attracted eastern
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gray squirrels (Sciurus carolinensis) and northern raccoons (Procyon lotor), but they did
not evaluate other yard features. Kays and Parsons (2014) evaluated mammal use of
residential yards, but primarily focused on the effects of chicken coops, fences, and
domestic dogs (Canis familiaris). A more comprehensive understanding of how the most
common urban food and shelter resources affect mammal abundance in residential yards
could help explain the abundance of urban wildlife and provide insight into the
implications of backyard management on mammals, which could inform urban planning
(Lepczyk et al. 2017). Our objective was to test the hypothesis that food and shelter
resources in yards are an important factor explaining why some mammals are abundant in
urban landscapes, in comparison with predation risk and landscape-scale attributes that
are typically used to model animal distribution. Further, given concerns of predators (e.g.,
coyotes [Canis latrans]) being attracted to anthropogenic resources (Murray and St. Clair
2017) or increased prey abundance (Prevedello et al. 2013), resulting in human-wildlife
conflict (Soulsbury and White 2015), an additional objective was to identify whether
increasing prey abundance was related to an increase of predators in yards.
We hypothesized that resources in yards would influence the activity, distribution,
and community structure of mammals in urban areas and that supplemental feeding
(intentional and unintentional) would have the largest effect on the relative abundance of
mammals (e.g., Boutin 1990, Reed and Bonter 2018). We predicted that increasing
natural vegetation in the yard and in the surrounding landscape would also be associated
with higher mammal relative abundances (Daniels and Kirkpatrick 2006, Magle et al.
2009), but mammal relative abundance would be reduced in yards with fences or outdoor
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pets (Kays and Parsons 2014). Finally, we predicted supplemental feeding would result in
higher mammal abundance both locally (at the food source) and throughout the yard.
STUDY AREA
We conducted our study on residential yards and natural areas surrounding Raleigh and
Durham, North Carolina (hereafter, Raleigh). The primary study area, including
residential yards and suburban forests within ~5 km radius of yards, was approximately
1,807 km2 with an estimated human population of 1.14 million and a mean housing
density of ~534 houses/km2. We also surveyed sites that occurred in forests with low
housing density (<0.5 houses/km2) within ~130 km of yard sites (“rural” sites; Figure
4.1). Most of the primary study area was developed (~54%), with forests (~34%) and
agricultural lands (~4%) interspersed throughout the region.
METHODS
Field Methods
From March through October 2016, we set motion-triggered, low-glow infrared trail
cameras (Reconyx Hyperfire PC 900; hereafter, “cameras”) in 58 residential yards
(hereafter, “yards”), spaced at least 100 m apart (

2.87 km, range = 133 m – 14.6 km),

throughout the study area. We defined a yard as the portion of a residential parcel
regularly maintained or managed (e.g., mowed, gardened, landscaped) by the
homeowner, generally within approximately 100 m of the household. Approximately
88% of yards were spaced >500 m apart and 97% were spaced >250 m apart. Given most
species detected in our study have relatively small home ranges, particularly in urban
environments, we were not concerned with spatial autocorrelation.
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Housing density at yard sites averaged 378 houses/km2. Most yards had at least
one of six common yard features that may attract mammals, including bird or mammal
feeders (n = 30), gardens (n = 31), compost (n = 29), chicken coops (n = 9), brushpiles (n
= 39), or water features (n = 29). Two yards had none of these features. We set cameras
approximately 0.5 m high, facing one of each unique feature types in the yard. We also
set a camera at a random control site at least 3 m (

20 m, range = 3 m – 119 m) from

the nearest feature in the yard (Figure 4.1). We set cameras to take a burst of 5 pictures at
approximately 1 photo/second each time triggered, with no lag time between triggers, and
left cameras for approximately 3 weeks (

21 days), resulting in a total of 4,608 trap

nights. We recorded other yard characteristics, including presence of fence, percent cover
of trees within 100 m, percent of yard with natural vegetation, presence of domestic
animals, and yard size. We also estimated landscape-scale attributes, including percent
forest and housing development within 1 km of the yard using the United States National
Landcover Dataset (Fry et al. 2011) and the Silvis housing density dataset (Hammer et al.
2004) in ArcMap (Version 10.1, ESRI, Redlands, California, USA).
As a comparison to yard sites, we also acquired data from cameras set from
February – October 2012 – 2016 at random sites in “suburban” (147 – 1,000 houses/km2;
n = 105; trap nights = 2,277) and “rural” (<12.67 houses/km2; n = 72; trap nights = 1,522)
forests near Raleigh, NC (see Parsons et al. 2018). Suburban and rural forest cameras
were set using the same methodology as yard sites, except cameras did not have a paired
control site. Suburban forest sites averaged ~305 houses/km2 and rural forest sites
averaged <1 house/km2.
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We uploaded photos from cameras into software (eMammal.org) that groups
photos taken <60 seconds apart into independent sequences. Using the software, we
identified the number of unique individuals of each species in each sequence. We also
identified whether a species was using the yard feature the camera was facing (e.g.,
eating the food source or climbing through the brushpile) or just passing by. Photo
identifications were reviewed by an independent party to ensure accuracy in classification
(McShea et al. 2016).
Analytical Methods
We used the iNEXT package (Hsieh et al. 2020) in R (R Core Development Team 2019)
to calculate species richness (effective number of species) and Shannon diversity
(effective number of common species) of mammals, excluding mice and rats, at yard
features and in suburban and rural forests. Specifically, we used incidence data from
camera traps to calculate sample-size and coverage-based rarefaction/extrapolation
curves and 95% confidence limits for Hill numbers (i.e., effective number of species)
with diversity order q = 0 (species richness) and q = 1 (Shannon diversity; Chao et al.
2014, Hsieh et al. 2016).
We calculated mammal relative abundance (i.e., detection rate) by counting the
number of each species detected on a camera in each sequence and dividing by the
number of days the camera was active. Then, we calculated the mean and standard
deviation of relative abundance, grouping by feature type and forest type (suburban or
rural). We also calculated the proportion of sites in which the yard feature was used when
a species was present.
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We fit three sets of models to evaluate the influence of yard features on speciesspecific mammal relative abundance within yards. The first model evaluated how yard
features influenced mammal relative abundance at the feature location, in relation to
variables at larger scales. Using data from cameras next to yard features and control sites,
we fit separate mixed-effects Poisson regression models for eight of the most commonly
detected species, including eastern gray squirrel, northern raccoon, Virginia opossum
(Didelphis virginiana), white-tailed deer (Odocoileus virginianus), eastern cottontail
(Sylvilagus floridanus), gray fox (Urocyon cinereoargenteus), red fox (Vulpes vulpes),
and coyote. We included an extra error term in the model to account for overdispersion
and included an “offset” term equivalent to the natural log of the number of days the
camera was active to account for different exposure lengths among cameras. We included
species-specific count as the response, and yard feature type, percent forest within 1 km,
average housing density within 1 km, percent tree cover within 100 m, proportion of the
yard with natural vegetation, presence of a fence surrounding the yard, presence of pets
(domestic cats or dogs), and yard size as fixed effects in the model. We chose landscape
variables (forest cover and housing density within 1 km) because previous studies in a
similar region found these variables to be influential on mammal occupancy (Kays et al.
2017, Parsons et al. 2019). To account for unmodeled variation in mammal relative
abundance among yards, we included yard identification as a random effect and
estimated unique intercepts for each yard. We centered and scaled all continuous
covariates. See Table 4.1 for a description of all model covariates.
The second model evaluated how the presence of a feature in a yard influenced
mammal relative abundance throughout the yard, beyond the feature. This model was
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also a Poisson regression model, but only included data from control cameras in yards
and did not include a random effect. This model used species-specific count as a
response, and included categorical variables identifying whether each feature was present
in the yard. We also included all other yard and landscape attribute covariates that we
included in the first model.
The final model evaluated how predator relative abundance in yards was related
to prey relative abundance. This model was similar to the first, but we grouped species
into a “predator” cohort (coyote, red fox, grey fox) and a “prey” cohort (eastern gray
squirrel, eastern chipmunk, eastern cottontail, and mouse/rat species). We included
predator count as the response and prey count, yard characteristics, and landscape
attributes as predictors in the model to evaluate the relative contribution of each factor in
predicting predator abundance in yards. We did not include yard feature variables in the
model because there was high correlation between these variables and prey abundance.
We fit global models for each species within a Bayesian framework using the
R2jags package (Su and Yajima 2015) in R (R Core Development Team 2019). We
estimated posterior distributions of predictors by running 3 Markov Chain Monte Carlo
(MCMC) chains, each for 1,000,000 iterations, with a burn-in of 250,000, and thinning of
10. We identified whether models converged by ensuring

values were <1.1 (Gelman

and Rubin 1992) and by examining posterior distributions and MCMC chains. We also
used posterior predictive checks to calculate a Bayesian p-value (
assuming 0.1

) to assess model fit,

0.9 represented adequate fit (Gelman et al. 2014).

We assumed predictors had a strong influence on the response if 95% credible
intervals (between 2.5% and 97.5% quantiles) of parameter estimates did not overlap
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zero. We estimated many parameters across models and the problems with multiple
comparisons, including false inference, have long been known (e.g., Tukey 1953).
However, given our primary interest was to identify the relative effect sizes of
parameters, not explicitly reject (or fail to reject) null hypotheses for each covariate
included, we did not adjust significance levels of parameter estimates. Rather, we
maintained the 95% credible interval as a “benchmark” to compare the strength of an
effect, relative to other covariates included in the model.
RESULTS
We detected 10, 13, and nine wild mammal species on cameras in yards, suburban
forests, and rural forests, respectively. Species richness and Shannon diversity did not
vary considerably across yard features, but was generally lower in rural forests (Figure
4.2). Eleven wild species (white-tailed deer, eastern gray squirrel, northern raccoon, gray
fox, eastern cottontail, red fox, coyote, woodchuck [Marmota monax], American beaver
[Castor canadensis], eastern fox squirrel [Sciurus niger], and southern flying squirrel
[Glaucomys volans]) and mouse/rat species had higher relative abundances in suburban
forests, compared to rural forests. Seven species (eastern gray squirrel, gray fox, Virginia
opossum, eastern cottontail, red fox, woodchuck, and eastern chipmunk [Tamias
striatus]) had higher relative abundances at control sites in yards, compared to suburban
or rural forests. Bobcats (Lynx rufus) were detected most in rural forests and were never
detected in yards (Table 4.2).
White-tailed deer had the highest relative abundance in suburban (
SD = 2.19) and rural (

1.27/day;

1.03/day; SD = 1.37) forests, while eastern gray squirrels had

the highest relative abundance in yards (control site
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0.55/day; SD = 1.32). Feeders in

yards attracted the most mammals, with eastern gray squirrels (
40.92), northern raccoons (

32.33/day, SD =

1.86/day, SD = 3.22), and eastern chipmunks (

1.47/day, SD = 4.18) detected most frequently (Figure 4.3, Table 4.2).
Overall, mammals used (e.g., ate or drank from, paused to examine, or took
shelter in) 69% of the features where they were detected. Canids only used features at
53% of sites, while all other species used 71% of features. Eastern chipmunks used 85%
of features where they were detected, while coyotes only used 33% of features. Mammals
were most likely to use feeders (82% of sites) and gardens (77% of sites), but only used
brushpiles at 56% of sites (Figure 4.4).
All models converged and passed posterior predictive checks. The effect of yard
feature type, yard characteristics, and landscape attributes on mammal relative abundance
varied by species. Feeders had strong positive associations with the relative abundances
of 4 species: eastern gray squirrel (β = 4.41, 95% credible interval [CI] = 3.68 – 5.18),
eastern cottontail (β = 1.41, 95% CI = 0.39 – 2.46), northern raccoon (β = 2.37, 95% CI =
1.65 – 3.12), and Virginia opossum (β = 1.48, 95% CI = 0.57 – 2.41; Figure 4.5, Figure
4.6). Compost sites had positive associations with the relative abundances of northern
raccoons (β = 1.70, 95% CI = 0.93 – 2.48) and Virginia opossums (β = 1.71, 95% CI =
0.82 – 2.63), but a negative association with the relative abundance of red foxes (β = 2.26, 95% CI = -4.83 – -0.10). Other yard characteristics and landscape features had less
of an association with relative abundance of mammal species (Figure 4.5).
There were almost no effects of the presence of features in the yard on mammal
relative abundances at the control site (Figure 4.5); although, coyotes were detected less
in yards with water features (β = -13.60, 95% CI = -25.90 – -3.66). Yard-scale
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characteristics had more of an influence on mammal relative abundances at control sites.
For example, red fox (β = -10.95, 95% CI = -24.33 – -1.33) and gray fox (β = -11.84,
95% CI = -25.37 – -1.62) had lower relative abundances in yards with full fences;
northern raccoons (β = -2.55, 95% CI = -4.90 – -0.60) and Virginia opossums (β = -3.96,
95% CI = -9.30 – -0.22) had lower relative abundances in yards with pets; and eastern
gray squirrels (β = -2.58, 95% CI = -4.93 – -0.68) and eastern cottontails (β = -3.93, 95%
CI = -8.81 – -0.63) had lower relative abundances in larger yards. Landscape-scale
characteristics also influenced some mammal detection rates in yards. White-tailed deer
had higher relative abundances in yards with more forest within 1 km (β = 1.51, 95% CI
= 0.08 – 3.20) and coyotes had higher relative abundances in yards with more housing
development within 1 km (β = 4.56, 95% CI = 1.45 – 8.28), while eastern cottontails had
lower relative abundance with more housing development (β = -10.95, 95% CI = -24.33 –
-1.33; Figure 4.5).
The number of predators using yards had a small, but positive association with
prey relative abundance (β = 0.28, 95% CI = 0.036 – 0.52). It would take prey count to
increase by approximately 713 in a yard for the predator count to double. Predator
relative abundance was lower in yards with full fences (β = -3.46, 95% CI = -5.79 – 1.48), but no other yard or landscape characteristics influenced predator relative
abundance in yards (Figure 4.6).
DISCUSSION
A variety of mammals made use of either purposeful or incidental feeders (e.g., compost,
gardens) in backyards, resulting in highly localized animal abundance, which we suggest
helps explain the abundance of urban wildlife. Apart from a few exceptions, there was
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higher species richness/diversity and higher relative abundance of mammals in yards,
compared to rural areas, and mammal detections increased substantially around
supplemental feeders. Further, we frequently documented mammals eating anthropogenic
food resources, demonstrating that mammal detections by feeders were related to feeding
behavior and not coincidental. These results are consistent with other research related to
supplemental feeding effects on mammal populations (e.g., Boutin 1990, Sullivan 1990,
Bozek et al. 2007, Prevedello et al. 2013, Reed and Bonter 2018), but are novel in that
they also demonstrate the relative importance of supplemental feeding on urban mammal
abundance, compared with factors such as other common yard features, landscape
attributes, and predation risk.
Beyond supplemental food sources, other yard features were generally less
associated with mammal relative abundance in our study. Most notably, there were few
strong, positive associations between mammal detection rates and water sources, except
for eastern gray squirrels and northern raccoons. Raleigh gets 7.6 -11.4 cm precipitation
per month on average (U.S. Climate Data 2020), and there were many natural water
sources in the surrounding area. Thus, mammals may not be water-limited in our study
area and we expect there would be stronger associations between water sources and
mammal abundance in more arid environments (e.g., McKee et al. 2015). Another
notable observation was the low of use of brushpiles, except for eastern gray squirrels.
Brushpiles are known to be important refugia for variety of taxa (e.g., Trent and
Rongstad 1974, Gorenzel et al. 1995, Bouget and Duelli 2004, Sperry and Weatherhead
2010), but the addition of brushpiles may not influence wildlife abundance or survival
when they are not a limiting resource (e.g., Goguen et al. 2015). Further, urban wildlife
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will use anthropogenic structures for refugia (Lowry et al. 2013), so brushpiles or other
natural refugia within yards may not be as important as they are in more natural areas.
Finally, chicken coops were relatively unimportant drivers of mammal relative
abundance in our study; although, there was a 95% and 97% probability that coops had a
positive influence on eastern gray squirrel and northern raccoon relative abundance,
respectively. Kays and Parsons (2014) reported similar results, finding raccoons were the
only mesopredator positively associated with chicken coops.
While resources in yards attracted rodents, lagomorphs, and some mesopredators,
the activity of other mammals was more related to yard characteristics and landscape
attributes. Yards with full fences generally had lower mammal relative abundance, with
the strongest effects on gray fox, red fox, and Virginia opossums. The presence of
domestic cats and dogs in the yard also negatively influenced mammal abundance, but
only strongly affected northern raccoons and Virginia opossums. Kays and Parsons
(2014) had similar findings, generally observing less mammal activity in fenced-in yards
with dogs. These results are not surprising, as full fences will deter some mammals from
entering a yard, and domestic animals are known to disturb wildlife (Lenth et al. 2008,
Loss et al. 2013, Hughes and Macdonald 2013). However, yards with supplemental
feeders and fences/pets still attracted more mammals than fenceless/pet-free yards
without feeding, particularly for species that could climb over or under fences (e.g.,
eastern gray squirrels, northern raccoons, eastern chipmunks), further supporting our
finding that supplementary feeding drives mammal abundance in yards.
Mammal relative abundance in yards was least related to landscape attributes in
our study. White-tailed deer were more likely to be detected in yards with more forest
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within 1 km of the yard, which is consistent with other research in the study area (Kays
and Parsons 2014). Most interestingly, coyotes detected in yards had positive associations
with housing development within 1 km. Coyotes are increasingly being found in urban
landscapes (e.g., Gehrt 2004, Gehrt et al. 2009), and other research in the Raleigh area
found coyotes in all development levels around the city (Parsons et al. 2018). We are
unsure of the explanation for this result, but speculate coyotes using residential yards
were part of a cohort that has become more adapted to urban landscapes. Thus, these
coyotes were more likely to be detected within areas of greater housing development.
Top-down forces (i.e., predation) can play a large role in population fluctuations
of species at lower trophic levels (e.g., Hairston et al. 1960) through density- or traitmediated processes (Abrams et al. 1996); however, we did not find direct support for this
hypothesis in our study. We detected most predators (i.e., native canids) more frequently
in yards, compared to nearby rural areas, so the high abundance of prey in yards was not
likely related to a reduction in predation risk, as predicted by the “human shield”
hypothesis (Berger 2007). Instead, we suggest that bottom-up forces from supplemental
feeding are driving increases in prey abundance, which may also have cascading effects
through the mammal community, given the positive association between prey and
predator relative abundance in yards. Prey abundance was the only factor with a positive
association with predator abundance in yards; however, the effect was quite small, and
predator abundance varied considerably, so we suspect predator abundance is being
determined by additional, unmodeled factors.
Predator abundance in yards could also be related to direct consumption of
supplemental food resources, although we did not find much support for this hypothesis
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in our study. Coyotes were found to select for yards with anthropogenic food, particularly
compost, in Alberta (Murray and St. Clair 2017) and coyotes may eat more
anthropogenic resources when living in an urban-wild matrix (Newsome et al. 2015).
Further, over half of the stomach contents of urban red foxes in Switzerland was
anthropogenic (Contesse et al. 2004). We did not find strong positive associations
between canid relative abundance and supplemental food features, but we did observe
some of the species occasionally eating supplemental food. For example, we observed 3
coyotes and 3 red foxes by compost, but only 1 of each ate the compost. In contrast, we
observed 8 gray foxes by compost and each individual ate the compost. Individual
differences in exploitation of anthropogenic food sources could be related to a variety of
factors such as personality traits (i.e., boldness) or health status. For example, Murray and
St. Clair (2017) found that coyotes with sarcoptic mange (Sarcoptes scabiei) were more
likely to visit compost piles than healthy coyotes. A more focused study on interspecific
interactions between predators and prey (e.g., Fischer et al. 2012), as well as predator
demography, activity patterns, health, and diet selection in urban ecosystems would help
elucidate the influence of anthropogenic resources on predator-prey relationships.
Past research suggests that the ecological implications of supplemental feeding
are nuanced. There is evidence that supplemental feeding leads to reduced animal
movements (Prange et al. 2003, Gehrt 2004, Bozek et al. 2007, Gehrt et al. 2009) and
may have positive effects on wildlife survival and reproductive rates (e.g., Adams et al.
2005, Bateman and Fleming 2012). However, feeders could also act as an ecological trap
for target species (e.g., birds) due to negative interspecific interactions with non-target
species, such as squirrels (e.g., Reed and Bonter 2018). For example, the hyperabundance
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of gray squirrels at supplemental feeding sites could interfere with avian use of feeders
(Bonnington et al. 2014b) and result in reductions in avian species diversity and
abundance for species that are susceptible to nest predation by squirrels (Bonnington et
al. 2014a). Further, much of the positive demographic effects are realized in synanthropic
species, which could outcompete non-synathropic species, thereby reducing community
evenness and biodiversity in urban areas (Shochat et al. 2010). Mammal use of
supplemental feeding sites could also have disease implications (Becker and Hall 2014,
Becker et al. 2015). We show that the presence of a feature in a yard generally did not
affect mammal abundance at the control site, regardless of high mammal abundance near
the feature, suggesting mammal use of features in yards was highly localized. This
aggregation of mammals could increase the probability of disease transmission among
wildlife and from wildlife to humans (e.g., Soulsbury and White 2015).
Conclusions
Overall, our study provides more evidence that moderately developed landscapes can
contain a high diversity and abundance of mammals, sometimes higher than wild sites,
which lends support to the intermediate disturbance hypothesis as an explanation for the
abundance of urban wildlife. In the context of urban landscapes, a variety of factors could
be considered “disturbance”, including fragmentation of habitat, increased heterogeneity
in habitat types, and introduction of supplemental food and structure resources. We found
a large association between the relative abundance of some mammal species and
supplemental food resources, which we posit is the primary explanation for the increase
in species diversity and abundance in moderately developed areas. While predator-prey
dynamics also likely influence urban mammal communities, we did not find strong
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support for this hypothesis in our study, other than a minor association between the
relative abundance of prey species and predator relative abundance in residential yards.
We also did not find strong support for an influence of landscape-scale factors on
mammal relative abundance in yards; however, there are likely many other factors across
spatial and temporal scales that we did not evaluate, such as landscape patchiness or
connectivity, that could contribute to our findings.
Our findings only represent data surrounding one city in the United States. The
effects of backyard resources on mammal relative abundance and community dynamics
could vary across urban areas with different populations or urban structure. Thus, we
caution extrapolation of our results and recommend further replication of our study across
other urban sites. Further, we describe and discuss the ecological implications of
abundant urban wildlife, but do not discuss the social implications, which are a crucial
component of urban wildlife ecology, management, and conservation. For further
information regarding the potential negative and positive implications of abundant urban
wildlife and wildlife provisioning, we recommend reading reviews by Soulsbury and
White (2015) and Cox and Gaston (2018).
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TABLES

Table 4.1. Description of covariates included in models estimating relative abundance
(count/day) of mammal species in suburban yards near Raleigh, North Carolina in 2016.
Scale

Name

Description

Neighborhood
(Landscape)

Forest within 1 km

Percent forested landcover within 1
km of yard.

Housing within 1 km

Mean housing density within 1 km of
yard.

Yard Size

Area (m2) of yard.

Full Fence

Binary variable identifying whether
the yard is surrounded by a fence.

Pet Present

Binary variable identifying whether
the homeowner has an outdoor pet
(cat or dog).

Natural

Proportion of yard with natural
vegetation.

Tree Cover within
100 m

Percent tree cover within 100 m
radius of yard.

Feeder

Bird or mammal feeder present.

Brushpile

Brushpile present.

Compost

Compost pile/bin present.

Coop

Chicken coop present.

Garden

Vegetable garden present

Water Feature

Water feature present.

Yard

Feature in yard (Local)
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Table 4.2. Mean relative abundance (count/day) of mammal species at features in yards
(brushpiles, compost, control sites, chicken coops, feeders, gardens, water features) and
suburban/rural forests near Raleigh, North Carolina from 2012 – 2016. SD represents one
standard deviation of the mean and n is the sample size.
Feature/Location

n

Species

Relative Abundance

SD

Brushpile

39

American Beaver

0.0000

0.0000

Bobcat

0.0000

0.0000

Coyote

0.0022

0.0097

Eastern Chipmunk

0.0906

0.3199

Eastern Cottontail

0.1522

0.3297

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

0.9332

1.8241

Gray Fox

0.0967

0.4223

Mouse or Rat Species

0.0037

0.0129

Northern Raccoon

0.1711

0.3140

Red Fox

0.0229

0.0532

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.1203

0.2160

White-tailed Deer

0.1075

0.2095

Woodchuck

0.0012

0.0077

American Beaver

0.0000

0.0000

Bobcat

0.0000

0.0000

Coyote

0.0097

0.0435

Compost

29
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Control

59

Eastern Chipmunk

0.1058

0.4405

Eastern Cottontail

0.1004

0.2680

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

0.7063

1.8668

Gray Fox

0.1991

0.7958

Mouse or Rat Species

0.4239

2.2314

Northern Raccoon

0.5672

0.7803

Red Fox

0.0049

0.0195

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.3653

0.5610

White-tailed Deer

0.2245

0.6451

Woodchuck

0.0000

0.0000

American Beaver

0.0000

0.0000

Bobcat

0.0000

0.0000

Coyote

0.0123

0.0460

Eastern Chipmunk

0.0016

0.0125

Eastern Cottontail

0.1218

0.2927

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

0.5462

1.3173

Gray Fox

0.1388

0.4634

Mouse or Rat Species

0.0008

0.0062

Northern Raccoon

0.1739

0.2814

Red Fox

0.0490

0.1531

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.0885

0.1876
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Coop

Feeder

9

30

White-tailed Deer

0.2766

0.5960

Woodchuck

0.0016

0.0125

American Beaver

0.0000

0.0000

Bobcat

0.0000

0.0000

Coyote

0.0000

0.0000

Eastern Chipmunk

0.3013

0.7576

Eastern Cottontail

0.0265

0.0794

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

1.3520

3.3905

Gray Fox

0.0000

0.0000

Mouse or Rat Species

0.6995

1.8935

Northern Raccoon

0.1552

0.1994

Red Fox

0.0000

0.0000

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.1761

0.4714

White-tailed Deer

0.1156

0.3467

Woodchuck

0.0000

0.0000

American Beaver

0.0000

0.0000

Bobcat

0.0000

0.0000

Coyote

0.0012

0.0065

Eastern Chipmunk

1.4726

4.1769

Eastern Cottontail

0.9094

1.6910

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

32.3264

40.9179

Gray Fox

0.4979

1.8379
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Garden

Water Feature

31

29

Mouse or Rat Species

0.0112

0.0415

Northern Raccoon

1.8580

3.2227

Red Fox

0.0453

0.1421

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.3454

0.5187

White-tailed Deer

0.2558

0.5673

Woodchuck

0.0000

0.0000

American Beaver

0.0000

0.0000

Bobcat

0.0000

0.0000

Coyote

0.0169

0.0855

Eastern Chipmunk

0.1977

0.6051

Eastern Cottontail

0.3384

0.8481

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

0.7717

1.3514

Gray Fox

0.1931

0.7765

Mouse or Rat Species

0.0000

0.0000

Northern Raccoon

0.2805

0.8382

Red Fox

0.0123

0.0476

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.0990

0.2416

White-tailed Deer

0.2028

0.4750

Woodchuck

0.0107

0.0597

American Beaver

0.0000

0.0000

Bobcat

0.0000

0.0000

Coyote

0.0047

0.0254
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Suburban Forest

105

Eastern Chipmunk

0.2160

0.6765

Eastern Cottontail

0.1412

0.4244

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

2.4004

5.3177

Gray Fox

0.1348

0.4304

Mouse or Rat Species

0.0000

0.0000

Northern Raccoon

0.5688

1.0296

Red Fox

0.0707

0.1819

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.0558

0.1755

White-tailed Deer

0.2176

0.3990

Woodchuck

0.0016

0.0088

American Beaver

0.0006

0.0062

Bobcat

0.0009

0.0065

Coyote

0.0226

0.0676

Eastern Chipmunk

0.0000

0.0000

Eastern Cottontail

0.0235

0.0677

Eastern Fox Squirrel

0.0004

0.0045

Eastern Gray Squirrel

0.2869

0.6324

Gray Fox

0.0561

0.1265

Mouse or Rat Species

0.0033

0.0293

Northern Raccoon

0.1819

0.3752

Red Fox

0.0056

0.0311

Southern Flying Squirrel

0.0003

0.0030

Virginia Opossum

0.0463

0.0978
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Rural forest

72

White-tailed Deer

1.2728

2.1900

Woodchuck

0.0005

0.0047

American Beaver

0.0000

0.0000

Bobcat

0.0027

0.0137

Coyote

0.0141

0.0389

Eastern Chipmunk

0.0000

0.0000

Eastern Cottontail

0.0091

0.0537

Eastern Fox Squirrel

0.0000

0.0000

Eastern Gray Squirrel

0.0987

0.2014

Gray Fox

0.0061

0.0314

Mouse or Rat Species

0.0000

0.0000

Northern Raccoon

0.0763

0.1226

Red Fox

0.0052

0.0280

Southern Flying Squirrel

0.0000

0.0000

Virginia Opossum

0.0521

0.1761

White-tailed Deer

1.0304

1.3668

Woodchuck

0.0000

0.0000
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FIGURES

Figure 4.1. Locations of residential yard (pink dots), suburban forest (green dots), and
rural forest (blue dots) trail cameras surrounding Raleigh, North Carolina from 2012 –
2016. One representative yard is shown, with a camera placed at each feature in the yard
(feeder, compost, chicken coop, garden, brushpile, and control site). Basemaps are Esri
World Topographic and World Imagery maps.
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Figure 4.2. Species richness (A) and Shannon diversity (B) of mammals at features in residential yards (brushpiles, compost piles,
chicken coops, bird and mammal feeders, gardens, water features, control sites), suburban forests, and rural forests surrounding
Raleigh, North Carolina from 2012 – 2016. Black dots are the observed species richness or diversity at a feature, solid lines are the
interpolated values, dotted lines are the extrapolated values, and gray ribbons are the 95% confidence intervals across sample sizes.
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Figure 4.3. Relative abundance (count/day) of mammal species at yard features in
Raleigh, North Carolina in 2016. Figure A includes all species, while Figure B excludes
eastern gray squirrels to highlight relative abundances of other species.
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Figure 4.4. Proportion of camera sites, placed in residential yards throughout Raleigh, North Carolina in 2016, where the associated
yard feature was used (e.g., food eaten) when a mammal species was present. We did not consider walking by the feature as use.
Numbers at the base of bars represent sample size (number of yards in which the species was present at the feature), and dashed,
horizontal lines represent the average proportion of sites where the feature was used, across all species.
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Figure 4.5. Mean beta estimates (points) and 95% credible intervals (horizontal error bars) for variables explaining mammal relative
abundances in residential yards in Raleigh, North Carolina in 2016. Feeders, brushpiles, compost, chicken coops, gardens, and water
features represent local-level variables; yard size, full fence, pet present, natural (proportion of yard with natural vegetation), and tree
cover within 100 m represent yard-scale variables; and proportion forest within 1 km and housing density within 1 km represent
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landscape-scale (i.e., neighborhood) variables. Blue markers represent models including treatment sites (cameras facing features) in
yards and red markers represent models only including control sites in yards. Thus, feature variables included in control-only models
represent whether the feature was present somewhere in the yard, while feature variables for treatment models represent cameras that
faced the feature. Credible intervals that overlap the vertical dotted line (Beta = 0) represent variables without a strong influence on
species-specific relative abundance.
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Figure 4.6. Conceptual diagram demonstrating predicted mammal count at yard features,
based on Poisson regression models of mammal count data from residential yards in
Raleigh, North Carolina in 2016. Only strong associations between features and mammal
count are shown. Eastern gray squirrels, eastern cottontails, northern raccoons, and
Virginia opossums had higher relative abundance at some yard features, compared to
control sites within a yard. Yards with higher prey (rodents and lagomorphs) relative
abundance were more likely to have higher predator (wild canid) relative abundance. The
number of mammal icons represents the relative risk ratio, compared to a control site in
the yard. Thus, a yard feature with 2 raccoons suggests there are predicted to be twice as
many raccoons at the feature, relative to the control site. The predicted number of
predator detections doubled when prey detections increased by 713.
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DISSERTATION CONCLUSIONS
Our results suggest that cattle grazing on rangelands can be a sustainable land use, given
we did not identify strong associations between cattle grazing and long-term vegetation
trends on BLM grazing allotments or spatiotemporal dynamics of mammal communities
on private ranches, other than fine-scale reductions in activity for cervids and shifts in
daily activity patterns for some species. While it is well-known that overgrazing can
negatively impact rangelands, we did not find cattle grazing to be a large threat to
rangeland production at current stocking rates, particularly when compared to other
threats like climate change. However, the allotments and ranches we sampled were
relatively conservatively grazed; thus, local-scale effects should be considered, as
responses to grazing will likely vary with stocking rate and abiotic conditions.
In contrast, our research demonstrates that spatiotemporal dynamics of mammals
are significantly altered by urbanization. While we found mammals will inhabit natural
areas within developed areas, these areas were still limited to relatively few, urbanadapted species. Deer, raccoons, squirrels, and cottontails may exploit and thrive in urban
areas, largely due to the abundance of supplemental food resources; however, species like
gray wolves and moose are unlikely to ever persist within urban environments. Other
species, including black bears, coyotes, and red foxes, while sensitive to urban
development, have found ways to coexist with humans via temporal changes in activity
patterns. However, even small increases in housing density resulted in lower species
richness and altered mammal communities. Thus, the key to maintaining biodiversity
may be to promote connectivity through developed areas, minimize “urban sprawl”, and
maintain wild, unaltered spaces.
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Ultimately, our findings lend support to the idea that maintaining “working lands”
that preserve ecosystem functions, while providing economic and cultural services, will
facilitate socio-ecological sustainability. Management actions geared towards public and
private lands conservation through the “working lands” concept should continue to be
encouraged to combat the threats of land use conversion (e.g., urbanization) on
ecosystems.
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